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Abstract

Large-scaleparallelscientificapplicationsaregeneratinghugeamountsof datathat tertiarystorage
systemsemergeasa popularplaceto hold them. SRB,a uniform interfaceto variousstoragesystems
including tertiary storagesystemssuchasHPSS,UniTreeetc.,becomesan importantandconvenient
way to accesstertiarydataacrossnetworksin a distributedenvironment.But SRBis not optimizedfor
paralleldataaccess:oneSRBI/O call to storagesystemsmustaccessacontiguouspieceof datajust like
UNIX I/O. For many accesspatterns,this resultsin numeroussmallI/O callswhichareveryexpensive.

In this paper, we presenta run-timelibrary (SRB-OL)for optimizingtertiarystorageaccesson top
of SRBlow level I/O functions. SRB-OLextendsvariousstate-of-the-artI/O optimizationsthatcould
befoundin secondarystoragesystemsto a remotedataaccessenvironmentvia SRB.We alsopresenta
novel optimizationscheme:superfilethatcandealwith largeamountsof smallfiles efficiently. We also
incorporateasubfiletechniqueandotherfeaturesin SRBsuchascontainer, migrate,stageandpurgeinto
our SRB-OL.How to usetheseoptimizationsis decidedby a Meta-dataManagementSystem(MDMS)
[7] thatresidesonelevelaboveSRB-OL.Theuserprovidesaccesspatterninformation/hintsthroughuser
applicationto MDMS, andthenMDMS usesthesehints to chooseanoptimalI/O approachandpasses
thedecisionto SRB-OL.Finally, SRB-OLperformsoptimizedSRBI/O callsto accessdataresidingon
tertiarystoragesystems.

To giveaquantitativeview of optimizedSRBI/O functions,weproposeaperformancemodelbased
on significantI/O experiments. By using this performancemodel, we can prove that collective I/O,
superfileetc have significantperformanceimprovements.In addition,we presentan I/O Performance
Predictor thatcanestimateI/O costbeforetheuseractuallycarriesout herexperiment.This provides
theusera lot of benefitsfor runningherapplication.

1 Intr oduction

Moreandmoremodernlarge-scalesimulationsemploy datamanagementtechniquesto effectively manage
hugeamountsof datathataregeneratedby parallelmachines.Our previouswork [7] is a first steptoward
consideringI/O optimizationsaswell in datamanagementsystems.We have designeda Meta-dataMan-
agementSystem(MDMS) atNorthwesternUniversitythatprovidesbothease-of-useandI/O optimizations
for large-scaleI/O intensive applications.Themostsignificantfeatureof ourMDMS is thatit automatically
providesbestI/O optimizationssuchascollective I/O, prefetchandsoonif theuserprovidesaccesspattern
andstoragepatterninformation. Heretheaccesspatternspansa wide spectrumthatcontainshow datais
partitionedamonginternalprocessors,informationaboutwhethertheaccesstypeis read-only, write-only, or
read/write,informationaboutthesize(in bytes)of averageI/O requests,informationabouthow frequently
thegenerateddatawill beusedandsoon. For example,if thedatais partitionedin a(Block, Block) wayfor
a two dimensionalarrayamongprocessorsandthey areto bestoredin a (Block, *) way, our MDMS will
advisetheapplicationusingcollective I/O to achieve highperformance.
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Our MDMS wasfirst built on top of MPI-IO to take advantageof I/O optimizationsfoundin MPI-IO.
But it is now typical for modernscientificsimulationsto adopttertiary archival aspermanentstoragefor
holdinghugeamountsof datasetsgeneratedby parallelprocessors.Thesetertiarystoragesystemssuchas
High PerformanceStorageSystem(HPSS)[3], Unitree[10] etc., usuallyhave disksandtapesto form a
storagehierarchyinsidethesystemswhichis onelevel below themagneticdisks.Thecharacteristicsof this
storagehierarchyarethat the datastoredarelarge andthe dataaccesstime is very slow: the accesstime
of a typical I/O call for a tape-residentdatasetwould bemorethantwo ordersslower thanfrom magnetic
disks.In addition,many scientificapplicationsareI/O intensive; thismeansI/O woulddominatetheoverall
performancefor many applications.Therefore,aggressive I/O optimizationsfor tertiary dataarecritical
for modernsimulations.Unfortunately, MPI-IO is developedandoptimizedfor secondarystoragesystems
ratherthantertiary storagesystems,therefore,whenour applicationsshift to tertiary storagesystems,we
have to turn to otherinterfacesfor them.

WeusedHPSSatSDSCastheplatformfor developmentandevaluation.In principleonewouldusethe
native interfaceto developruntimesystem,however thenative interfaceto HPSSis normally reserved for
systemsupportpeople.WeaccessedHPSSusingStorageResourceBroker (SRB)[1, 8] which is developed
by SanDiego SupercomputerCenter(SDSC).SRB is a client-server middlewarethat providesa uniform
interfacefor connectingto heterogeneousdataresourcesover a network andaccessingreplicateddatasets.
UsingSRBhassomeadvantages.

� It providesa uniform interfacefor variousstoragesystems:HPSS,UniTree,UNIX disks,databases
andsoon, thereforetheusercaneasilyexperimentwith differentstoragesystemswithout changing
theinterface.

� It hidesthedetailsof storagesystemsandprovidesa smallnumberof UNIX like I/O functionsthat
arevery easyto learnanduse. HPSS,for example,consistsof hundredsof internalAPI functions
whichwouldbeoverkill for ageneralscientificuser. In addition,dueto thecomplex natureof HPSS,
its internalAPI is notavailablefor typicalapplicationlevel users.

� It providesaneasyway to accesstertiaryarchival systems.TheSRBallows usersto accessstorage
systemsthroughnetworksovera longdistance,souserscandevelopandruntheirapplicationslocally
andcanstill store/loadtheir dataon/fromremotestoragesystems.Giventhefactthattertiarystorage
systemsarenot sopopularasparallelmachines,this providesusersa lot of conveniencefor tertiary
dataaccess.

We have employedSRBasa mediumfor tertiarydataaccess.But, SRBalsohassomedrawbacks:its
I/O calls arenot optimizedfor paralleldataaccess.Like UNIX I/O, eachSRB I/O call only accessesa
contiguouspieceof data. For noncontiguousdatasuchaseachprocessoraccessinga subarrayin a large
array, which is very popularin parallelscientificapplications,theuseris forcedto issuemultiple I/O calls
with eachI/O call accessingacontiguousportionof data.In addition,SRBservermaybefarawayfromSRB
client acrossnetworks,network failureanddelaycouldseriouslyhurt theperformance.Therefore,making
lessnumberof remotedataaccessesis crucialfor performance.In thispaper, wepresentaSRBOptimization
Library (SRB-OL)thatprovidesvariousstate-of-the-artI/O optimizationson top of SRBor throughSRB’s
featuresfor accessingtertiarystoragesystems.Figure1 shows the architectureof our library. The SRB-
OL takesI/O optimizationdecisionsfrom MDMS andperformscorrespondingoptimizationsthroughSRB.
Theseoptimizationsinclude remotecollective I/O, datasieving, subfile, superfile,container, migration,
stageandpurge.Wealsopresentaperformancemodelfor accessingHPSSthroughSRBandquantitatively
demonstratethatouroptimizationshave significantperformanceimprovements.

Theremainderof thepaperis organizedasfollows. In Section2 weintroduceHPSS,thetertiarystorage
systemusedin this paper. We alsogive anoverview of SRB in this section. In Section3 we presentour
performancemodelbasedon significantexperiments,andwe usethis performancemodelfor I/O analysis
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Figure1: SystemAr chitectureof I/O optimizations throughSRB.The userprovideshigh level hints to
MDMS and MDMS makesI/O decisionand passesthe decisionto either MPI-IO for local secondary
storagesystemaccessor SRB-OL for accessingremotetertiary storagesystemsthroughSRB.

in the subsequentsections.In Section4, variousI/O optimizationsarepresentedandI/O performanceis
analyzedby our performancemodel. We presentan I/O PerformancePredictor in Section5 which can
provide an overview of I/O costbeforeperformingan experiment,so that the userthencanhave better
evaluationof her experiments. In Section6 we presentrelationshipbetweenour previously developed
MDMS andourcurrentSRB-OLandwediscusshow variousoptimizationsin SRB-OLareusedby MDMS.
Weconcludethepaperin Section7 andsomefuturework is alsopresented.

2 Intr oduction to HPSSand SRB

2.1 HPSS

The High PerformanceStorageSystem(HPSS)[3, 4] is softwarethat provideshierarchicalstorageman-
agementandservicesfor very large storageenvironments.HPSSmay be of interestin situationshaving
presentor future scalabilityrequirementsthat arevery demandingin termsof total storagecapacity, file
sizes,datarates,numberof objectsstored,andnumberof users.Most otherstoragemanagementsystems
supportsimplestoragehierarchiesconsistingof onekind of disk and onekind of tape. HPSSprovides
multiple hierarchies,which areparticularlyusefulwheninsertingnew storagetechnologiesover time. As
new disks,tapes,or optical mediaareadded,new classesof servicescanbe setup. HPSSfiles residein
particularclassesof serviceswhich usersselectbasedon parameterssuchasfile sizeandperformance.A
classof serviceis implementedby a storagehierarchywhich in turn consistsof multiple storageclasses.
Storageclassesareusedto logically groupstoragemediato provide storagefor HPSSfiles. A hierarchy
maybeassimpleasa singletape,or it mayconsistof two or morelevelsof disk, disk array, opticaldisk,
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Table1: HPSSClassof Service(COS).

COS File Size
tiny 0KB-8KB
small 8KB-2KB
medium 2MB-200MB
large 200MB-6TB
tape 6TB+

local tape,andremotetape.Theusercanevensetup classesof servicessothatdatafrom anoldertypeof
tapeis subsequentlymigratedto a new typeof tape.Sucha procedureallows migrationto new mediaover
timewithouthaving to copy all theold mediaatonce.Table1 showstheclassof servicesupportedby HPSS
andtheircorrespondingfile sizes.

Weonly usetwo levelsof hierarchyin HPSSfor simplicity, i.e. disksandtapes.Thepermanentcopy of
dataresidesontapes,whentheusersendsareadrequest,datawill befirst copiedto disksfrom tapes,which
is calledstageandthendatawill bereadfrom disksto user’sbuffer. Whentheuserwritesdatato HPSS,the
datais written to disksfirst andthenperiodically, HPSSmigratesdatato tapes.Thedisk copy mayalsobe
freedfrom disks,which is calledpurge, accordingto HPSS’s migration/purge policy. We canseethat the
diskshereserve asa cachefor tapes.

2.2 SRB

The StorageResourceBroker (SRB) [1, 8] is a middlewarethat providesdistributedclientswith uniform
accessto diversestorageresourcesin a heterogeneouscomputingEnvironment.Figure2 givesa simplified
view of the SRB architecture.The modelconsistsof threecomponents:the meta-datacatalog(MCAT)
service,SRBserversandSRBclients,connectedto eachothervia network. The MCAT storesmeta-data
associatedwith datasets,usersandresourcesmanagedby theSRB.TheMCAT serverhandlesrequestsfrom
theSRBservers. Theserequestsincludeinformationqueriesaswell asinstructionsfor meta-datacreation
andupdate.Client applicationsareprovidedwith a setof API for sendingrequestsandreceiving response
to/fromtheSRBservers.TheSRBserver is responsiblefor carryingout tasksto satisfytheclient requests.
Thesetasksinclude interactingwith the MCAT service,andperformingI/O on behalfof the clients. A
clientusesthesamecommonAPI to accesseverystoragesystemsmanagedby theSRB.SRBautomatically
selectsHPSSclassof servicebasedonfile size(Table1).

SRBhastwo suitesof APIs,oneis calledhigh level API andoneis low level API. Thedifferenceis that
thehigh level API providesabstractionof file name,file locationetc. andtheuseronly needto provide the
objectnameto accessherdata. While in the low level API, like UNIX I/O, theuserneedsto provide file
name,location,offsetetc.explicitly. WechoseSRBlow level API asI/O functionsto accessHPSSin order
to beableto specifywhich I/O functionsto usesothatoptimizationscanbeperformedandcontrolled.We
call theselow level functionsSRBI/O calls/functionshenceforth.

3 PerformanceModel

Figure4 shows the architectureof our experimentalenvironmentfor the performancemodel. To access
thedatathat resideson HPSStapes,thedatais first stagedto disksfrom tapesandthenit movesupward
throughnetworksandarrivesat user’s memorybuffer. TheI/O timeor cost( � ) is definedasthetimespent
on moving datafrom HPSS(eitheron its tapesor disks)to user’s memorybuffer. We only considerread
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Figure2: SRBclient-server architecture.

Figure3: SRB low level API.

timefor ourperformancemodelin thispaper. A typicalSRBlow level I/O flow, readingdatafrom or writing
to HPSS,is shown in Figure3.

SRB-ConnectestablishesthecommunicationconnectionbetweenSRBclient andserver acrossthenet-
work, �����
	���
������������ opensa file in HPSS, ������	���
������������ finds the locationin the file for read
or write, and ������	 �!�#"%$ and ������	'&)(*
,+-� will transferdatabetweenSRBclient which connectsto
theuser’s memorybuffer andSRBserver which connectsto HPSS.Finally ������	.��
/�0��1��0243�� closesthe
openedfile and �����5	.1�2��6�71��0243�� closesthecurrentconnection.

Therefore,thetotal I/O timeT equalsthesumof timespentonconnection,openandreadetc.

�98'�6:,;=<�<?>@�A;0B#C/<?>.�6D C/C=E >.��F C=GIH >@�KJMLON C=: N ; D C >@� :,;=<�<�: N ; D C (1)

Unlike UNIX I/O thatworksonrandomaccessdevices,thereis onemoreissuewith SRBandHPSS:when
doesthestagetakeplace?HPSSallows it to takeplaceeitherduringthefile openor thefirst readto thefile.
Accordingto theSDSC’s configuration,for mostclassesof servicesin HPSS,files arestagedcompletely
duringopen.Therefore,�A;0B#C/< canbebrokendown to �PB#Q F C/;0B#C/< and � D�R GTSUC , where�PB#Q F C/;0B#C/< is thetime for
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Figure4: SystemData Flow. The I/O time is definedas the time spent on moving data from HPSS
(disksor tapes)to the user’s memory buffer (read).

a normalfile openand � D�R GTSUC representsthetime for stagingdatafrom tapesto disks.We rewrite theabove
equationasfollows for onereadI/O call.

�98��A:,;=<�<?>@�VB�Q F C=;0B#C�<W>.� D�R GTSIC�>@�KD C=C=E >@�AF C/GUH >X�6J�LYN C/: N ; D C >@� :,;=<�<*: N ; D C (2)

To setup our performancemodel,we needto establishtime for eachcomponentin the above equation
quantitatively. � D�R GTSIC is a factor that can not be completelymeasuredat present. It dependson several
factors:availablediskcache,availabletapedrive(s),robotlatency, file size,andlocationontapes.It is fairly
unpredictable.Accordingto SDSC’sHPSS,thetapesrequireaminimumof 20to 40secondsto bereadyand
thenmovethedatato disks.Weonceobservedthatthe � D,R GISIC couldbemorethan70secondsfor asmallfile
on HPSStapes.We cannot provide moreexacttimingsfor � D�R GTSIC asof this time dueto bothunpredictable
natureof � D�R GTSIC andour limited privilegesonHPSS.But in any cases,� D�R GTSIC is veryexpensive.

To measureothercomponentsin the above equation,we performedthe following experiments.After
just writing a file, we immediatelyreadit. Therefore,themeasured�6;0B#C/< shouldbe �VB�Q F C/;0B#C/< becausethe
datahasnot beenmigratedandpurgedto tapes.We alsotime � :,;=<�< and �AF C/GUH . To measure�KD C/C=E , we did
anotherexperiment.Wemeasuredtheseektime for differentlocationsin a largefile.

Wedid theseexperimentsona local IBM SP2atCenterfor ParallelandDistributedComputing(CPDC
henceforth)of NorthwesternUniversity. TheHPSSis locatedat SanDiegoSupercomputerCenter(SDSC).
Figure5 show theresultsof theseexperiments.Wemadethefollowing observations:
� :,;=<�< is time for SRB to establishconnectionbetweenits client andserver, so we observed a fixed

overhead.Wemeasuredthattheaverageconnectiontime is about0.69seconds.(Figure5 ).
�VB�Q F C=;ZB�C�< is time for openinga file in HPSS.It is alsoa constantoverheadindependentof file size.We

measuredthatit is about5.11seconds.
Wefind �KD C=C=E is quitestable,averaging0.20secondsindependentof locationsin thefile. This is because

file seektakesplaceon random-accessdevices:HPSSdisks(file hasalreadybeenondisksafteropen).
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Figure5: Timings for SRBfile Open,seek,close(left) and read(right)

Table2: AverageValuesof File Open,SeekandOthers.

Location []\_^/`U` [*a-bIc,dZ^0a-d0` [fe d0d0g [ih-jlk d_\ k ^ e d [ \Z^�`m`I\ k ^ e d
CPDC 0.71 5.36 0.42 0.52 0.00004

�KJMLON C=: N ; D C and � :�;/<�<*: N ; D C arealsofixedcostsindependentof file size.Weobservedthat �KJMLON C=: N ; D C is about
0.31seconds.� :,;=<�<*: N ; D C is very small that canbe ignored(lessthan0.001s). Table2 shows the average
valuesof thesetimings.
�AF C/GUH is a little morecomplicatedthantheotherfactorsthatwediscussedabove. Conceptually, it canbe

furtherbrokendown into SRBserverandclientoverheads( �Knfo�p ;=qIC F-r C=GIH ) anddatatransmissiontimeacross
networks � ROF GT< D,stLuD/D�L ;/< etc. We find that whenthe datasizeis small (lessthan8KB for CPDC), �AF C/GUH is
almostaconstant:averaging0.56s.Thisis in partdueto theunderlyingfixedpacketsizeof InternetProtocol
andin part dueto the fixed overheadssuchas �Knfo�p ;=qIC Fvr C/GUH that dominatethe overall time. As datasize
goesup,wecanseethat �AF C=GIH increasesalmostlinearlyfor largedatasize.Thismeansthedatatransmission
timefor largedatadominatestheoverall readtime. Weobservedthat �AF C/GUH is about2.51w datasize(in MB)
( �AF C=GIHix 3�yt8{z%|~}P�#3 wheres is thedatasize(in MB) and 3����#�*�5� ). Notethat 3 is not limited to 64MB as
show in Figure5. For example,when 3�8
����� , �AF C/GUHfx 3�y�8�z%|~}P��w@���]z�� x �5��y�8�z4}]���]3��#�M2��K$i3 , andour
experimentshows thatthereadtime is z��f�4z43����m2��K$%3 .

In general,for thesmalldatasize(lessthan8KB), thecostof asingleSRBI/O call is:

� 8 �6:,;=<�<?>@�PB#Q F C/;0B#C/<�>@� D,R GISIC�>@�6D C=C/E >@��F C=GIH >@�KJMLON C=: N ; D C >@� :,;=<�<�: N ; D C
8 � D,R GISIC�>�1 (3)

WhereC is aconstant.C canbeeasilycalculatedas7.57s(lessthan8KB). For largedatasizes(s� 16M),
wehave

� x 3*y�8 �6:,;=<�<?>@�PB#Q F C/;0B#C/<�>@� D,R GISIC�>@�6D C=C/E >@��F C=GIH]x 3*yK>@�KJMLON C=: N ; D C >@� :,;=<�<*: N ; D C
8 � D,R GISIC�>���3�>�� (4)

Where�AF C/GUHfx 3*yt8)��3 ands is datasize(in MB). K andL areconstants:2.51and7.01.Table3 shows
K, L andC values.NotethatEquations3 and 4 alsoapplyto datasizeexceeding64MB, althoughweonly
show datasizelessthan64MB in Figures5.

From Equation3 andEquation4 we can easilycalculatethe I/O time for a singleSRB I/O call for
readingsmallandlarge datafiles given thevalueof � D,R GISIC . For themiddlesizeddatafile, we canconsult
Figure5 for exactvalues.

Oneusageof theseequationsis that beforewe really carry out the experiments,we cancalculatein
advancetheestimatedtime thatwill bespenton I/O. Sotheusercanbetterevaluateherexperiment.

7



Table3: Averagevaluesof K, L andC.

Location K L C
CPDC 2.51 7.01 7.57

Figure6: A two dimensionalarray and data partition among4 processors.

4 SRBI/O Optimizations and Experiments

In thissection,wepresentvariousI/O optimizationtechniquesemployedin ourSRB-OL(Figure1). These
optimizationsareclassifiedinto two categories:oneis genericwhich includesremotecollective I/O, remote
datasieving, subfileandsuperfile. Theseoptimizationsare independentof storagetypes,suitablefor all
remotedataaccesses;one is storagespecificwhich includescontainer, stage,migrationandpurge. The
experimentsarerun on a 16 nodeIBM SP2at CPDCof NorthwesternUniversity. Eachnodeof theSP2is
RS/6000Model 390processor. TheHPSSis locatedat SDSC.We alsousetheperformancemodelin the
previoussectionto analyzetheresultsthatweobtained.

4.1 RemoteCollective I/O

Collective I/O [9, 2, 5] is atechniqueto gleanindividual I/O requestsof eachprocessorinto aglobalpicture
andthendecidehow thecombinedI/O requestsshouldbebestperformed.Thetwo-phaseI/O [9, 2] is one
of significantimplementationtechniquesof collective I/O. In the two phasescheme,the datais accessed
basedon theconformingdistribution from I/O systemin thefirst phase,in phasetwo, datais redistributed
at run-timeamongprocessors.Considera 4 w 4 two dimensionalarraythat is storedon HPSS.Supposethe
datais partitionedin (Block,Block) among4 processors(Figure6), soeachprocessorwill accessasubarray
of data.For example,processor0 will access0, 1, 4, 5 andprocessor1 will access2, 3, 6, 7. In thenaive I/O
approach,eachprocessorhasto issue2 SRBI/O callsto HPSS.For instance,in thefirst I/O call processor0
reads0 and1, andin thesecondcall, it reads4 and5. This is becausethedatais notcontiguousfor 0, 1 and
4, 5. In general,supposethearrayis ��w�� , theapplicationis run on 4 processors,eachprocessorwould
issue���*z SRBreadseachwith ���*z dataitems.Accordingto Equation2, wehave

��8'�A:�;/<�<?>.�PB�Q F C=;0B#C/<�>@� D,R GISIC�>����*z x �KD C/C=E >@��F C=GIH y6>.�6JMLON C/: N ; D C >.� :,;=<�<�: N ; D C (5)
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We canevencalculatethe total I/O time without performingtheexperiment.Suppose��8����]z�� and
thedataelementis character. Soby referringto table2, wehave

� 8 �P|l�%��>�}%|~�4��>@� D�R GTSUC�>�}P�#z x �P|��fz�>��P|~}4�]y7>��P|~}4zW>��P| �4�4�]�
8 � D�R GTSIC�>�}*�]�%|~�4} (6)

Where�AF C/GUHfx }P�#z]y¡89�P|~}4� . As � D�R GTSIC is quitehardto measureandmayvarysignificantly, wedonotconsider
it at this time, i.e. weguaranteethereis a diskcopy of dataonHPSS.(An aggressive prestageoptimization
canalsoeliminatethis item.) So � D�R GTSUC�8
� and �
8�}*�]�%|~�4} seconds.This calculationis commensurate
with ourexperiment:506.74seconds(Figure7). In general,if theuserissues� I/O calls, �98{� x � D�R GTSICf>��7y
for smalldatasizeand �)8)� x � D�R GTSIC�>.�¢3*y for largedatasize(s is datasizein MB). In any cases,number
of I/O callsis acritical factorfor performance.Therefore,decreasingthenumberof I/O callsis thetargetof
collective I/O approach.

In two phaseimplementation,eachprocessorwill accessonecontiguoussectionin oneI/O call during
thefirst phase.For example,processor0 would read0, 1, 2 and3, processor1 reads4, 5, 6 and7 etc. In
a remotedataaccessenvironment,even the underlyingstoragedoesnot provide datastriping for parallel
dataaccess,remotecollective I/O canstill benefitfrom paralleldatatransferwhich is thedominatefactorof
performance.In thesecondphase,datais redistributedamongtheprocessorsthemselves.Theredistribution
of dataintroducesextra internalcommunicationcost, but comparedto expensive remoteI/O access,the
internalcommunicationcostcanbeignored.Again,wecancalculatetheresultsfirst whencollective I/O is
performed:

� 8 �6:,;=<�<�>@�PB#Q F C/;0B#C/<�>X� D,R GISIC�>.�6D C/C=E >.��F C=GIH >@�KJMLON C=: N ; D C >@� :,;=<�<�: N ; D C >.�A:,; sts :,; D�R
8 �P|l�%��> }%|~�4�W>@� D,R GISIC�> x �P|��fz�>.�V|~}]y¢>��P|~}4zW>��P| �4�4�]�?>��P|u�#}
8 � D,R GISIC�>��4�*|~�4� (7)

Where ��F C=GIH 8£�V|~} accordingto Figure 5. It also commensurateswith our experiment13.12seconds
( � D,R GISIC!8¤� ). We canseethatcollective I/O significantlyreducedtheI/O times. In general,givennumber
of I/O calls(n) andeachwith sizes,wehave

� <*;=<�:,; NV	¥� :,; NlN C=: ROL qIC 8 � x �6D C/C=E >X�AF C/GUHfx 3*y-y�	 x �KD C=C/E >@�AF C=GIHix �¢3�y6>@�6:,; s¡s :,; D,R y
8 x �¦	���y��6D C=C/E > x �A��F C=GIHfx 3*y7	��AF C/GUHfx �¢3�y-y7	¥�A:,; sts :,; D�R (8)

In general, �A��F C=GIH (s) is significantly larger than ��F C=GIHfx �¢3*y accordingto Figure 5. When the data
sizeis large (s� 16MB), �AF C=GIHix �¢3�y§8��¨�¢3 and �A��F C=GIH]x 3*y©8ª�K��3¨8��¨�¢3 accordingto Equation4, so
�A�AF C=GIH]x 3*y«8��AF C/GUH]x �¢3�y . Therefore,collective I/O cansave at least x �¬	9��y��KD C=C/E which is O(n) ( �6:,; s¡s :�; D�R
canbeignoredcomparedto x �¦	���y��6D C=C/E y .

Figure7 shows performancenumbersof collective I/O comparedto thenaive approach.

4.2 Data Sieving

If the userrequestsseveral small, noncontiguousaccesses,datasieving [9] is helpful to reducethe I/O
latency. The basicidea is to make fewer large contiguousI/O requestsand later extract what the user’s
actualrequestin mainmemory. Datasieving readsmorethanneeded,but thebenefitof reducingnumberof
I/O callsoutweighsthecostof readingunwanteddata.ConsiderFigure6 again,if processor0 readsitems

9



Figure7: I/O time for Collective I/O and Data Sieving for small (left) and large(right) data sizes.The
data is stored in a two dimensionalarray on HPSSdisk. It is partitioned in (Block, Block) among4
processors.Note that the Y-axis is in log scale.

0, 1, 4, 5, thedatasieving optimizationwouldread0, 1, 2, 3, 4 and5 in oneI/O call, andthendiscard2, 3 in
memory. As moredataarereadin datasieving andeachprocessorhasto establishits own I/O connection,
datasieving is slightly worsethancollective I/O in performance,but comparedto thenaive approach,we
observedsignificantperformanceimprovements(Figure7).

4.3 Subfile

In many tape-basedstoragesystems,theaccessgranularityis a wholefile [10]. Consequently, even if the
programtries to accessonly a sectionof the tape-residentfile, theentirefile mustbe transferredfrom the
tapeto the upperlevel storagemedia(e.g.,magneticdisk). This canresult in poor I/O performancefor
many accesspatterns.Subfile[6] is a techniquethat transparentlybreaksup a large datafile into smaller
subfilesin storage.Whenthe userrequestsa small portionof data,oneor several subfilescanbeserved.
This techniquecansignificantlyreducenumberof I/O calls,thereforeimprovestheperformance.Detailsof
subfilingtechniquescanbefoundat [6].

4.4 SRBContainer

Dueto therelative high overheadof creating/openingfiles in archival storagesystemssuchasHPSS,they
arenot suitablefor storinglargeamountof smallfiles typically foundin digital library systems.TheSRB
containerconcept[8] wasspecificallycreatedto handlethis typelimitation. Throughtheuseof containers,
many small files canbe aggregatedbeforestoragein the archival storagesystem.The implementationis
thatSRBmaintainsa ‘permanent’(e.g.,HPSS)anda ‘temporary’or ‘cache’(e.g.,UNIX disk file system)
resourcefor a container. Internally, all I/O aredoneonly to the ‘cache’ copy of the container. Figure8
shows someperformancenumbersfor container. In this experiment,we assumethereare10 small files,
they arereadsequentiallyby oneprocessor. Thetotal I/O time is measured.Sincewe assume� D�R GTSIC�8¤� ,
soat first glance,onemaythink containershouldhave roughlythesameperformancenumberasthenaive
approach.But notethatthecontaineris workingwith SRBhigh level API, soits I/O performancedoesnot
belongto ourperformancemodel(Section3). Soweobservedthatfor smallerdatasizes(1K w 10,16K w 10
and100K w 10),containerhasbetterperformance.For largerdatasizes(1M w 10,2M w 10 and4M w 10), its
performanceis worse. But in the futurewhenthe � D�R GTSIC is taken into account,the naive approachwould
have10 � D,R GISIC sandcontainerhasonly one,soweshouldobservesignificantperformanceimprovementsfor
all datasizes.
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4.5 Superfile

While containerconceptcanimprove theperformancefor accessingnumeroussmallfiles,wenoticethatto
accessobjectsin container, theuserstill hasto issueasexactnumberof I/O callsasbefore,althoughthe
objectscanbeguaranteedon disksmostof the time. In anenvironmentlike ours,theapplicationmaybe
thousandsmilesaway from thestoragesystems,thenumberof I/O callswill still dominatetheI/O perfor-
mance.Therefore,weproposea novel technique:Superfilefor largeamountsof smallfiles. Thebasicidea
is thatwhenthesesmallfiles arecreated,we transparentlyconcatenatethesesmallfiles into onelargesu-
perfile. Solateron,whentheuserreadsthesesmallfiles, thefirst readcall bringsthelargesuperfilein main
memory, so the subsequentreadsto otherfiles canbe copieddirectly from main memory. Two database
tablesarecreatedin our MDMS to helpkeepthefilename,offsetetcof eachfile in thesuperfile. Notethat
the databaseconnectioncost is very small. Beforeexperiments,we calculatesomeresultsfirst. Suppose
thereare10smallfiles,eachis 1K. Thenaive approachwouldgive:

��<*G L qIC­8 �6:,;=<�<?>.� x �VB�Q F C=;ZB�C�<W>@�KD C/C=E >@�AF C/GUH >@�KJMLON C=: N ; D C y6>@� :,;=<�<*: N ; D C
8 �P|l�%��>9��� x }%|~�4�?>��P|��fzW>.�P|~}4��>��P|~}4z]y¢>��P| �4�4�]�
8 �4®%|~�P� (9)

Usingsuperfile,wehave

�6D QIB#C FTJMLON C 8 �A:,;=<�<?>@�VB�Q F C=;0B#C�<?>@�6D C=C/E >@��F C=GIH >@�KJMLON C=: N ; D C >@� :,;=<�<�: N ; D C >.� HT¯ >.� s C s :uB�°
8 �P|l�%��>�}%|~�4��>��P|��fzW>��P|~�4�W>��P|~}4zW>��P| �4�4�]�?>��P|~}±>.� s C s :uB�°
8 �%|u�M�?>@� s C s :uB#° (10)

Where�AF C/GUH 8{�P|~�4� accordingto Figure5 andin bothequations� D�R GTSUC«8)� . Wemeasuredthatthe � HT¯
is about0.5s,� s C s :²B�° is asmalloverhead.Ourexperimentsshow thattheresultsof naive andsuperfileare
65.80sand8.01srespectively whichareconsistentwith ourperformanceanalysis.

In general,��<*G L qIC - �6D QIB#C FTJMLON C is givenby

� <*G L qIC 	��6D QIB#C FTJMLON C 8 x �¬	���y x � B�Q F C/;0B#C/< >@� D�R GTSIC >@�KJMLON C=: N ; D C y6> x �A�AF C=GIHix 3�y7	��AF C/GUHfx �¢3*y-y
	 x � HI¯ >X� s C s :uB�°4y (11)

Ignorethe last item andsinces is small, so �A�AF C/GUH]x 3�y is larger than ��F C=GIH]x �¢3*y . Therefore,�A<*G L qIC�	
�KD QIB�C FTJMLON C 8{� x �7y .

Figure8 shows thatsuperfileimproved theperformancenear10 timesfor smallerdatasizes(1K w 10,
16K w 10and100K w 10)andwhenthedatasizesarelarger(1M w 10,2M w 10and4M w 10),its performance
improvementis still obvious.When� D,R GISIC is consideredin thefuture,theperformanceimprovementsshould
bemoreobvioussincein superfilethereis only one � D�R GTSIC comparedto 10 � D,R GISIC s for thenaive approach.

4.6 Migration, Stageand Purge

SRBprovidessometaperelatedfunctionssuchasmigration, whichadvisesHPSSmovethedatafrom disks
to tapes;stage which bringsthedatafrom tapesto disksfor prospective readby theuserandpurge which
removesthedatafrom HPSSdisks. Our MDMS canaggressively utilize thesefunctionsfor optimization.
For example,if the newly generateddatais not usedin the nearfuture,a migration hint canbe issuedto
inform HPSSto migrate/purge the dataassoonaspossible,thussave the spaceof disk cache. Another
exampleis thatwhentheuserfindsthatsheis goingto accessadatafile in thefuture,ourMDMS cansend
a stage requestthroughSRB to prestagedatafrom tapesto disks. Unfortunately, thesefunctionsareset
to privilegedfunctionsfor systemsecurityandreliability andwe arenot ableto experimentwith themat
present.But we incorporatetheminto ourSRB-OLfor possiblefutureusage.
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Figure8: Timings for Superfile and Container. 10 files are read sequentially by one processorand
the total I/O time is measured. It is obvious that superfile improved the performanceby a factor of
10 for smaller data sizes(left) and for larger data sizes(right), the performanceimprovement is also
obvious. Note that container and naive approachesuse different SRB APIs, so their performance
numbers are not comparable when � D,R GISIC³8´� at present. In the futur e, when � D�R GTSUC is taken into
account,the performanceof container would exceedthat of naiveapproachfor all data sizessincethe
naive approachsuffersmultiple � D�R GTSUC s. In any cases,superfileapproachis alwaysthe best.

5 I/O PerformancePredictor

As we canseein section4, we cancalculatein advancethe I/O costsbeforewe actuallyperformtheex-
perimentsandourestimatesareverycloseto theactualexperimentalresults.Knowing how muchI/O costs
for theuser’s applicationbeforeexperiments(especiallyI/O intensive applications)hassomeadvantages:
theusercanchoosesuitableparametersto obtaina time thatshecanbesatisfied.Theseparametersinclude
numberof iterations,arraysizes,frequency of I/O dumpsandsoon. Theusercanalsocomparehow much
I/O timecanbesavedby I/O optimizationssuchascollective I/O, superfileandsoon.

WedesignedandimplementedageneralI/O PerformancePredictorthatcangiveapredictionof I/O cost
basedonourperformancemodel.Theuserprovidessuchinformationto thepredictor:numberof iterations,
arraysizes,numberof datasets,frequency of I/O dumps,accesspatternsandsoon 1. Thepredictortakes
theseparametersandusethe figure 5 which arestoredin databaseto calculatethe I/O costbasedon the
accesspattern.Bothnaive andoptimizedcostsarecalculatedandcompared.

6 MDMS and SRB-OL

In section4 wepresentedtheSRB-OLwhich includesvariousstate-of-the-artI/O optimizationschemeson
top of SRBlow level I/O functions.Thedecisionwhetheror not to usetheseoptimizationsandwhatkind
of optimizationshouldbe usedis the taskof MDMS (Figure1). The MDMS takesuserspecifiedinfor-
mation/hintsfrom userapplicationwhich is onelevel above MDMS andselectsa suitableI/O optimization
approachtransparently[7]. Thesehints(accesspattern)includehow datais partitionedamongprocessors,
how large the datawill be generated,how frequentlythe datawill be used,what datasetsareassociated
togetherandso on. Theseuserlevel hints arehigh level in a sensethat it is commensuratewith human
customsandbehaviors. For example,theusercouldexpress(Block, Block) whensheis goingto partition
a two dimensionalarrayinto subarraysamongprocessors.WhenMDMS obtainsthis hint (Block, Block),
it searchesthe databaseto seehow datais storedon storagesystems.If the datais storedin (Block, *)
which doesnot conformtheaccesspattern(Block, Block), thenMDMS would suggesta collective I/O be
performed.In addition,thehigh level hint (Block, Block) will beconvertedby MDMS to a datastructure

1In [7], the userhasalreadyspecifiedtheseinformationto MDMS whenshestartsa new application. So our performance
predictorcanjustsearchdatabaseto obtaintheseinformation.
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understandableby lower level I/O functionsto SRB-OLor MPI-IO. Finally, SRB-OLor MPI-IO usesthis
datastructureandI/O decisionto performoptimizedI/O. We canseethat this userlevel hints (from user
application),systemlevel optimizationdecisionmaker (by MDMS) andlow level I/O optimizationlibrary
(SRB-OL) provide a goodexampleof layereddesignand implementationin softwareengineering.This
allowsdesignof low level library (suchasdesignandimplementationof ourSRB-OL)independentof other
layersandmake thehigherlevel layers(suchasMDMS) portable.

7 Conclusionand Future Work

In thispaper, wepresentedourSRBOptimizationLibrary (SRB-OL)whichis built ontopof SDSC’sStorage
ResourceBroker (SRB)to optimizeI/O accessto variousarchival storagesystemssuchasHPSS,UniTree
etc. Like UNIX I/O, SRBI/O only reads/writesa contiguouspieceof data,but many useraccesspatterns
arenon-contiguous,this resultsin large numberof I/O callswhich arevery expensive. Our SRB-OLem-
ploys numerousstate-of-the-artI/O optimizationapproachesthat addressthis problem. We designedand
implementedremotecollective I/O, datasieving, superfileon top of SRBandwe alsoincorporatedsubfile,
container, migration,stageandpurge into our library. Theseoptimizationschemesprovide our Meta-data
ManagementSystems(MDMS) with amplechoicesof I/O optimizations.

Weproposedaperformancemodelbasedonourexperimentsfor SRBI/O accessingHPSS.By usingthis
performancemodel,wecanprovequantitatively thatcollective I/O hassignificantlybetterperformancethan
doesthenaive I/O approachwhich includesnumerousI/O callswhenthedatapartitiondoesnot conform
thelayoutonstorage.

Wealsopresentedthedesignof anI/O PerformancePredictorthatcangivetheuseraconcepthow much
I/O costfor herapplication,soshecanmakebestuseof herapplicationby choosingappropriateparameters.

Ourperformancemodelandall ourexperimentshavenotconsideredthetapestagetime � D,R GISIC yet. This
is because� D,R GISIC mayvarysignificantlyandourcurrentprivilegeis notallowedto performpurge. Therefore,
we cannot guaranteethat thereis no disk copy on HPSSwhenwe run theexperiment2. In the future,we
wouldfind away to solve thisproblemandre-doall theexperiments.Webelieve wecanobtainmuchmore
performanceimprovementsfor mostof experiments.For example,in superfileoptimization,when � D,R GISIC is
takenontoaccount,thenaive approachwouldhave 10stagesfor 10 smallfiles,while in superfile,only one
stageoccurs.As stageis veryexpensive,superfilewouldhave muchmoreperformanceimprovements.

Acknowledgments

Thisresearchwassupportedby Departmentof Energy undertheAcceleratedStrategic ComputingInitiative
(ASCI)AcademicStrategic AllianceProgram(ASAP)Level2,undersubcontractNoW-7405-ENG-48from
LawrenceLivermoreNationalLaboratories.Wewould like to thankReganMooreandMike Wanof SDSC
for helpinguswith theusageof SRB.We thankMike GleicherandTom Sherwinof SDSCfor answering
ourHPSSquestions.

References
[1] C. Baru,R. Moore,A. Rajasekar, andM. Wan. The sdscstorageresourcebroker. In Proc. CASCON’98Conference, Dec

1998,Toronto,Canada, 1998.

[2] A. Choudhary, R. Bordawekar, M. Harry, R. Krishnaiyer, R. Ponnusamy, T. Singh,andR. Thakur. Passion:paralleland
scalablesoftwarefor input-output.In NPAC TechnicalReportSCCS-636, 1994.

2Accordingto SDSC,thelifetime of diskcachecopy couldbeaslongas10days,thismakesusdifficult to judgewhenthedisk
copy is purged.

13



[3] R. A. Coyne,H. Hulen,andR. Watson.Thehigh performancestoragesystem.In Proc.Supercomputing93, Portland, OR,
1993.

[4] Hpssworldwidewebsite. In http://www.sdsc.edu/hpss/.

[5] D. Kotz. Disk-directedi/o for mimd multiprocessors.In Proc. the 1994 Symposiumon Operating SystemsDesignand
Implementation, pages61–74,1994.

[6] G. Memik, M. Kandemir, A. Choudhary, andV. E. Taylor. April: A run-timelibrary for taperesidentdata.In the17thIEEE
SymposiumonMassStorage Systems, 2000.

[7] X. Shen,W. Liao, A. Choudhary, G. Memik, M. Kandemir, S. More, G. Thiruvathukal,andA. Singh. A novel application
developmentenvironmentfor large-scalescientificcomputations.In InternationalConferenceonSupercomputing, May8-11,
2000,SantaFe, New Mexico, 2000.

[8] Srbversion1.1.4manual.In http://www.npaci.edu/DICE/SRB/OldReleases/SRB1-1-4/SRB1-1-4.htm.

[9] R. Thakur, W. Gropp,andE. Lusk. Datasieving andcollective i/o in romio. In Proc. the7th Symposiumon theFrontiers of
MassivelyParallel Computation, 1999.

[10] UniTreeUserGuide, Release2.0. UniTreeSoftware,Inc., 1998.

14


