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Abstract

Large-scalegparallelscientificapplicationsaregeneratindhugeamountsf datathattertiary storage
systemsmege asa popularplaceto hold them. SRB, a uniform interfaceto variousstoragesystems
including tertiary storagesystemssuchas HPSS,UniTree etc., becomesan importantand corvenient
way to accesgertiary dataacrossetworksin a distributedervironment.But SRBis not optimizedfor
paralleldataaccessoneSRBI/O call to storagesystemsnustaccess contiguousieceof datajustlike
UNIX I/O. For mary accesgatternsthis resultsin numerousmalll/O callswhich arevery expensve.

In this paper we present run-timelibrary (SRB-OL)for optimizingtertiary storageaccesn top
of SRBlow level I/0 functions. SRB-OL extendsvariousstate-of-the-art/O optimizationsthat could
be foundin secondargtoragesystemso a remotedataacces®rvironmentvia SRB.We alsopresent
novel optimizationschemesuperfilethat candealwith large amountsof smallfiles efficiently. We also
incorporatea subfiletechniqgueandotherfeaturesn SRBsuchascontainermigrate stageandpurgeinto
our SRB-OL.How to usetheseoptimizationss decidedby a Meta-dataManagemen8ystem(MDMS)
[7] thatresidesonelevel abore SRB-OL.Theusermprovidesaccespatterninformation/hintghroughuser
applicationto MDMS, andthenMDMS usesthesehintsto choosean optimal I/O approactandpasses
thedecisionto SRB-OL.Finally, SRB-OL performsoptimizedSRBI/O callsto accesslataresidingon
tertiary storagesystems.

To give aquantitatve view of optimizedSRBI/O functions,we proposea performancenodelbased
on significantl/O experiments. By usingthis performancemodel, we can prove that collective 1/O,
superfileetc have significantperformancemprovements.In addition,we presentan /O Performance
Predictorthat canestimatel/O costbeforethe useractuallycarriesout her experiment. This provides
theuseralot of benefitsfor runningherapplication.

1 Intr oduction

More andmoremodernlarge-scalesimulationsemplo/ datamanagemertechniquedo effectively manage
hugeamountsof datathataregeneratedby parallelmachines.Our previouswork [7] is afirst steptoward
considering/O optimizationsaswell in datamanagemengystems.We have designeda Meta-dataMan-
agemensBystem(MDMS) at NorthwesterrUniversitythatprovidesbothease-ofuseand|/O optimizations
for large-scald/O intensve applications.The mostsignificantfeatureof our MDMS is thatit automatically
providesbestl/O optimizationssuchascollective I/O, prefetchandsoonif theuserprovidesaccespattern
andstoragepatterninformation. Herethe accesgatternspansa wide spectrumhat containshow datais
partitionedamongnternalprocessordnformationaboutwhethertheaccessypeis read-onlywrite-only; or
read/write informationaboutthe size(in bytes)of averagel/O requestsinformationabouthow frequently
thegeneratediatawill beusedandsoon. For example,if thedatais partitionedin a (Block, Block) way for
atwo dimensionaklrrayamongprocessoraindthey areto be storedin a (Block, *) way, our MDMS will
advisetheapplicationusingcollective I/O to achieve high performance.



Our MDMS wasfirst built on top of MPI-IO to take advantageof I/O optimizationsfoundin MPI-IO.
But it is now typical for modernscientific simulationsto adopttertiary archval as permanenstoragefor
holdinghugeamountsof datasetgeneratedby parallelprocessorsThesetertiary storagesystemssuchas
High PerformanceStorageSystem(HPSS)[3], Unitree[10] etc., usually have disksandtapesto form a
storagehierarchyinsidethe systemswhichis onelevel belov themagnetiadisks. The characteristicsf this
storagehierarchyarethat the datastoredare large andthe dataaccesdime is very slow: the accesdime
of atypical I/O call for atape-residentatasetvould be morethantwo ordersslover thanfrom magnetic
disks.In addition,mary scientificapplicationsarel/O intensve; thismeand/O would dominatethe overall
performanceor mary applications. Therefore,aggressie I/O optimizationsfor tertiary dataare critical
for modernsimulations.Unfortunately MPI-10 is developedandoptimizedfor secondarystoragesystems
ratherthantertiary storagesystemstherefore whenour applicationsshift to tertiary storagesystemswe
have to turnto otherinterfacesfor them.

We usedHPSSat SDSCastheplatformfor developmentandevaluation.In principleonewould usethe
native interfaceto develop runtime system however the native interfaceto HPSSis normallyresered for
systemsupportpeople We accessetHPSSusingStorageResourcéBroker (SRB)[1, 8] whichis developed
by SanDiego Supercompute€enter(SDSC).SRB is a client-serer middlevare that providesa uniform
interfacefor connectingo heterogeneoudataresource®ver a network andaccessingeplicateddatasets.
Using SRBhassomeadwantages.

e It providesa uniform interfacefor variousstoragesystems:HPSS,UniTree,UNIX disks,databases
andso on, thereforethe usercaneasilyexperimentwith differentstoragesystemswithout changing
theinterface.

e [t hidesthe detailsof storagesystemsandprovidesa smallnumberof UNIX like I/O functionsthat
arevery easyto learnanduse. HPSS for example,consistsof hundredsof internal API functions
whichwould beoverkill for agenerakcientificuser In addition,dueto thecomplex natureof HPSS,
its internal API is not availablefor typical applicationlevel users.

e |t providesan easyway to accesgertiary archival systems.The SRB allows usersto accesstorage
systemghroughnetworksoveralongdistancesouserscandevelopandruntheirapplicationdocally
andcanstill store/loadheir dataon/fromremotestoragesystemsGiventhefactthattertiarystorage
systemsarenot so popularasparallelmachinesthis providesusersalot of conveniencefor tertiary
dataaccess.

We have emplg/ed SRB asa mediumfor tertiary dataaccess But, SRB alsohassomedravbacks:its
I/O calls are not optimizedfor paralleldataaccess.Like UNIX 1/O, eachSRB I/O call only accessea
contiguouspieceof data. For noncontiguouglatasuchaseachprocessorlccessing subarrayin a large
array which is very popularin parallelscientificapplicationsthe useris forcedto issuemultiple /0 calls
with eachl/O call accessing.contiguougportionof data.In addition,SRBsenermaybefarawayfrom SRB
clientacrossetworks, network failure anddelaycould seriouslyhurt the performanceTherefore making
lessnumberof remotedataaccessets crucialfor performanceln this paperwe presentt SRBOptimization
Library (SRB-OL)thatprovidesvariousstate-of-the-a/O optimizationson top of SRBor throughSRB’s
featuredfor accessindertiary storagesystems.Figure 1 shaws the architectureof our library. The SRB-
OL takesl/O optimizationdecisiondrom MDMS andperformscorrespondingptimizationghroughSRB.
Theseoptimizationsinclude remotecollective I/O, datasieving, subfile, superfile,container migration,
stageandpurge. We alsopreseng performancenodelfor accessingdPSSthroughSRB andquantitatvely
demonstrat¢hatour optimizationshave significantperformancemprovements.

Theremaindeof thepapetis organizedasfollows. In Section2 weintroduceHPSS thetertiarystorage
systemusedin this paper We alsogive anoverviev of SRBin this section. In Section3 we presentour
performancenodelbasedon significantexperimentsandwe usethis performancenodelfor 1/0O analysis
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Figurel: SystemAr chitecture of I/O optimizations through SRB. The user provideshigh level hints to
MDMS and MDMS makesl|/O decisionand passeghe decisionto either MPI-1O for local secondary
storagesystemacces®r SRB-OL for accessingemotetertiary storagesystemsthrough SRB.

in the subsequensections.In Section4, variousl/O optimizationsare presentednd /O performances
analyzedby our performancemodel. We presentan I/O PerformancePredictorin Section5 which can
provide an overviev of 1/0 costbefore performingan experiment,so that the userthen can have better
evaluationof her experiments. In Section6 we presentrelationshipbetweenour previously developed
MDMS andour currentSRB-OLandwe discusshow variousoptimizationan SRB-OLareusedoy MDMS.
We concludethe paperin Section7 andsomefuturework is alsopresented.

2 Intr oductionto HPSSand SRB

2.1 HPSS

The High PerformancestorageSystem(HPSS)[3, 4] is software that provides hierarchicalstorageman-
agementndservicesfor very large storageervironments. HPSSmay be of interestin situationshaving
presentor future scalability requirementghat are very demandingn termsof total storagecapacity file
sizes,datarates,numberof objectsstored,andnumberof users.Most otherstoragemanagemergystems
supportsimple storagehierarchiesconsistingof onekind of disk and onekind of tape. HPSSprovides
multiple hierarchieswhich are particularlyusefulwheninsertingnew storagetechnologiesover time. As
new disks,tapes,or optical mediaare added,new classeof servicescanbe setup. HPSSfiles residein
particularclasse®f serviceswhich usersselectbasedon parametersuchasfile sizeandperformance A
classof serviceis implementeday a storagehierarchywhich in turn consistsof multiple storageclasses.
Storageclassesare usedto logically groupstoragemediato provide storagefor HPSSfiles. A hierarchy
may be assimpleasa singletape,or it may consistof two or morelevels of disk, disk array optical disk,
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Tablel: HPSSClassof Service(COS).

COoSs File Size
tiny OKB-8KB
smal | 8KB-2KB

medi um| 2MB-200MB
| arge | 200MB-6TB
t ape 6TB+

local tape,andremotetape. The usercaneven setup classe®f servicessothatdatafrom an oldertype of

tapeis subsequentlynigratedto a new type of tape. Sucha procedurellows migrationto nev mediaover

time without having to copy all theold mediaatonce.Tablel shavstheclassof servicesupportedy HPSS
andtheir correspondindile sizes.

We only usetwo levelsof hierarchyin HPSSfor simplicity, i.e. disksandtapes.Thepermanentopy of
dataresidentapeswhentheusersendsareadrequestdatawill befirst copiedto disksfrom tapeswhich
is calledstage andthendatawill bereadfrom disksto users buffer. Whentheuserwritesdatato HPSS the
datais written to disksfirst andthenperiodically HPSSmigratesdatato tapes.Thedisk copy mayalsobe
freedfrom disks,which is calledpurge, accordingto HPSSS migration/puge policy. We canseethatthe
disksheresene asa cachefor tapes.

2.2 SRB

The StorageResourceBroker (SRB)[1, 8] is a middlewvarethat providesdistributed clientswith uniform
accesgo diversestoragaesource$n a heterogeneousomputingenvironment.Figure2 givesa simplified
view of the SRB architecture. The model consistsof three componentsthe meta-datecatalog(MCAT)
service,SRB senersand SRB clients,connectedo eachothervia network. The MCAT storesmeta-data
associatewvith datasetsisersandresourcesnanagedby the SRB. TheMCAT senerhandlegequestérom
the SRB seners. Theserequestsncludeinformationqueriesaswell asinstructionsfor meta-datareation
andupdate.Client applicationsareprovided with a setof API for sendingrequest@ndreceving response
to/fromthe SRBseners. The SRBsener is responsibldor carryingout tasksto satisfythe clientrequests.
Thesetasksinclude interactingwith the MCAT service,and performingl/O on behalfof the clients. A
clientuseshesamecommonAPI to acces®very storagesystemsnanagedby the SRB.SRBautomatically
selectHPSSclassof servicebasen file size(Tablel).

SRBhastwo suitesof APIs,oneis calledhighlevel APl andoneis low level API. Thedifferences that
the highlevel API providesabstractiorof file name file locationetc. andthe useronly needto provide the
objectnameto accesserdata. While in the low level API, like UNIX I/O, the userneedso provide file
name location,offsetetc. explicitly. We choseSRBIlow level API asl/O functionsto acces$iPSSin order
to beableto specifywhich I/O functionsto usesothatoptimizationscanbe performedandcontrolled.We
call thesdow level functionsSRBI/O calls/functionshenceforth.

3 PerformanceModel

Figure 4 shavs the architectureof our experimentalervironmentfor the performancenodel. To access
the datathat resideson HPSStapes the datais first stagedo disksfrom tapesandthenit movesupward
throughnetworks andarrivesat users memorybuffer. Thel/O time or cost(T) is definedasthetime spent
on moving datafrom HPSS(eitheron its tapesor disks)to users memorybuffer. We only considerread
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timefor our performancenodelin this paper A typical SRBlow level I/O flow, readingdatafrom or writing
to HPSS,is shavnin Figure3.

SRB-Connedatstablisheshe communicatiorconnectiorbetweerSRB client andsener acrosghe net-
work, SRB — FileOpen opensafile in HPSS,SRB — FileSeek finds the locationin thefile for read
or write, and SRB — Read andSRB — Write will transferdatabetweenSRB client which connectdo
the users memorybuffer and SRB sener which connectdo HPSS Finally SRB — FileClose closesthe
openedile andSRB — ConnClose closeshecurrentconnection.

Thereforethetotal I/O time T equalshe sumof time spenton connectionppenandreadetc.

T= Tconn + Topen + Tseelc + T’read + Tfileclose + Tconnclose (1)

Unlike UNIX 1/O thatworksonrandomaccesslevices,thereis onemoreissuewith SRBandHPSS:when
doesthe stagetake place?HPSSallows it to take placeeitherduringthefile openor thefirst readto thefile.
Accordingto the SDSCS5 configuration for mostclasse®f servicesn HPSS files are stagedcompletely
duringopen.Therefore T, canbebrokendown to T}y, ecopen aNATs1age, WNEI€T e copen iS thetime for



Figure4: SystemData Flow. The I/O time is defined as the time spenton moving data from HPSS
(disks or tapes)to the user’'s memory buffer (read).

anormalfile openandT,;,q. representshetime for stagingdatafrom tapesto disks. We rewrite the above
equatiomasfollows for onereadl/O call.

T= Tconn + Tpureopen + Tstage + Tseek + T’read + Tfileclose + Tconnclose (2)

To setup our performancemodel, we needto establishtime for eachcomponentin the abose equation
quantitatvely. T4 is a factorthat can not be completelymeasuredat present. It dependson several
factors:availabledisk cache availabletapedrive(s),robotlateng, file size,andlocationontapesit is fairly
unpredictableAccordingto SDSC5HPSS thetapegequireaminimumof 20to 40 secondso bereadyand
thenmove thedatato disks.We onceobseredthatthe Ty, . couldbemorethan70secondsgor asmallfile
on HPSStapes.We cannot provide moreexacttimingsfor T4, asof thistime dueto bothunpredictable
natureof Ts44. andour limited privilegesonHPSS Butin ary casesTqg. IS VEry expensve.

To measureothercomponentsn the abore equation,we performedthe following experiments. After
justwriting afile, we immediatelyreadit. Thereforethe measured’,,., shouldbe T},,;copen bECausehe
datahasnot beenmigratedandpurgedto tapes.We alsotime T, aNdTyeqq. TO measurel,,;, we did
anotherexperiment.We measuredhe seektime for differentlocationsin alargefile.

We did theseexperimentonalocal IBM SP2at Centerfor ParallelandDistributedComputing(CPDC
henceforthpf NorthwesterrUniversity TheHPSSis locatedat SanDiego SupercomputeCenter(SDSC).
Figure5 shav theresultsof theseexperiments We madethefollowing obserations:

Teonn 1S time for SRB to establishconnectionbetweenits client and sener, so we obsered a fixed
overhead We measuredhatthe averageconnectiortime is about0.69seconds(Figure5).

Tpureopen 1S time for openingafile in HPSS.It is alsoa constanbverheadndependentf file size. We
measuredhatit is about5.11seconds.

Wefind T iS quitestable averagingd.20secondsndependentf locationsin thefile. Thisis because
file seektakesplaceonrandom-accesdevices: HPSSdisks(file hasalreadybeenon disksafteropen).
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Figure5: Timings for SRBfile Open, seek,close(left) and read(right)

Table2: AverageValuesof File Open,SeekandOthers.

Location Tconn Tpureopen Tseek Tfileclose Tconnclose
CPDC 0.71 536 | 042 0.52 0.00004

Tfiteclose ANAT conpeiose arealsofixedcostsindependentf file size.We obseredthatTs;iec0se is about
0.31seconds. T onnciose iS Very smallthatcanbeignored(lessthan0.001s). Table 2 shaws the average
valuesof thesetimings.

Treqq 1S alittle morecomplicatedhantheotherfactorsthatwe discusse@bove. Conceptuallyit canbe
furtherbrokendown into SRBsener andclientoverhead$7's g overhead) @Nddatatransmissiorime across
Networks Ty ansmission €1C. We find thatwhenthe datasizeis small (lessthan8KB for CPDC),T;.cqq iS
almostaconstantaveraging0.56s.Thisis in partdueto theunderlyingfixed paclet sizeof InternetProtocol
andin partdueto the fixed overheadsuchasTs rgovernead thatdominatethe overall time. As datasize
goesup,we canseethatT;...4 increasegsimostinearly for large datasize. Thismeanghedatatransmission
time for large datadominategheoverallreadtime. We obseredthatT,..,4 is about2.51x datasize(in MB)
(Tread(s) = 2.51s wheresis thedatasize(in MB) ands > 16 M B). Notethats is notlimited to 64MB as
shaw in Figure5. For example,whens = 1GB, Tyeqd(s) = 2.51 x 1024(M B) = 2570seconds, andour
experimentshavs thatthereadtime is 2482seconds.

In generalfor thesmalldatasize(lessthan8KB), the costof asingleSRBI/O call is:

T = Tconn + Tpureopen + Tstage + Tseek + Tread + Tfileclose + Tconnclose
= Tstage +C (3)

WhereCis aconstantC canbeeasilycalculatedas7.575(lessthan8KB). For largedatasizes(s>16M),
we have

T(S) = Tconn + Tpureopen + Tstage + Tseek + Tread(s) + Tfileclose + Tconnclose
= Tstage + Ks+ L 4)

WhereT,..4(s) = Ks andsis datasize(in MB). K andL areconstants2.51and7.01. Table3 shavs
K, L andC values.NotethatEquations3 and 4 alsoapplyto datasizeexceedingg4MB, althoughwe only
shav datasizelessthan64MB in Figures5.

From Equation3 and Equation4 we can easily calculatethe 1/O time for a single SRB I/O call for
readingsmall andlarge datafiles giventhe valueof Ts.4.. For the middle sizeddatafile, we canconsult
Figure5 for exactvalues.

Oneusageof theseequationss that beforewe really carry out the experimentswe cancalculatein
adwancetheestimatedime thatwill bespenton 1/O. Sothe usercanbetterevaluateherexperiment.
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Table3: Averagevaluesof K, L andC.

Location K L (3
CPDC | 251 | 7.01 | 7.57

P P3
12 ({13 (|| 14 ||| 15

Figure6: A two dimensionalarray and data partition among4 processors.

4 SRBI/O Optimizations and Experiments

In this sectionwe presentariousl/O optimizationtechniqueemplg/edin our SRB-OL (Figurel). These
optimizationsareclassifiednto two catgories:oneis generiowhich includesremotecollective I/O, remote
datasieving, subfileand superfile. Theseoptimizationsare independenbf storagetypes, suitablefor all
remotedataaccessespneis storagespecificwhich includescontainer stage,migrationandpuige. The
experimentsarerun ona 16 nodelBM SP2at CPDCof NorthwesterrJniversity Eachnodeof the SP2is
RS/6000Model 390 processor The HPSSis locatedat SDSC.We alsousethe performancanodelin the
previoussectionto analyzetheresultsthatwe obtained.

4.1 RemoteCollectivel/O

Collectve l/O [9, 2, 5] is atechniqueo gleanindividual I/O request®f eachprocessomto aglobalpicture
andthendecidehow the combined/O requestshouldbe bestperformed.Thetwo-phasd/O [9, 2] is one
of significantimplementatiortechniquesf collective 1/0O. In the two phaseschemethe datais accessed
basedon the conformingdistribution from 1/0O systemin thefirst phasejn phasetwo, datais redistriluted
atrun-timeamongprocessorsConsidera 4x 4 two dimensionahrraythatis storedon HPSS.Supposehe
datais partitionedn (Block, Block) among4 processorgFigure6), soeachprocessowill accessasubarray
of data.For example processof will acces®, 1, 4,5 andprocessol will acces®, 3,6, 7. In thenaive l/O
approacheachprocessohasto issue2 SRBI/O callsto HPSS Forinstancein thefirst I/O call processof
reads0 andl, andin theseconctall, it reads4 and5. Thisis becaus¢hedatais notcontiguoudor 0, 1 and
4,5. In general supposdhe arrayis N x N, the applicationis run on 4 processorseachprocessowould
issueN/2 SRBreadseachwith N/2 dataitems.Accordingto Equation2, we have

T= Tconn + Tpureopen + Tstage + N/2(Tseek + Tread) + Tfileclose + Tconnclose (5)



We caneven calculatethe total I/O time without performingthe experiment. SupposeV = 1024 and
thedataelements characterSoby referringto table2, we have

T = 0.71 +5.36 + Tstage + 512(0.42 + 0.56) + 0.52 + 0.0003
= Tytage + 508.35 (6)

WhereT,¢q(512) = 0.56. As Tyq4¢ iS quitehardto measurendmayvary significantly we donotconsider
it atthistime, i.e. we guaranteghereis a disk copy of dataon HPSS (An aggressie prestageptimization
canalsoeliminatethis item.) S0 Ty;9. = 0 @and7" = 508.35 seconds.This calculationis commensurate
with ourexperiment:506.74secondgFigure?). In generaljf theuserissues: I/O calls,T' = O(Tsqge + 1)
for smalldatasizeandT = O(Tsq4e + ns) for large datasize(s is datasizein MB). In ary casesnumber
of 1/0O callsis acritical factorfor performanceThereforedecreasinghenumberof I/O callsis thetamgetof
collective I/0O approach.

In two phasemplementationeachprocessowill accesnecontiguoussectionin onel/O call during
thefirst phase.For example,processof would read0, 1, 2 and3, processod reads4, 5, 6 and7 etc. In
a remotedataacces®rnvironment,even the underlyingstoragedoesnot provide datastriping for parallel
dataaccesstemotecollective I/0O canstill benefitfrom paralleldatatransfemwhich is the dominatefactorof
performanceln theseconphasegdatais redistritutedamongthe processorthemseles. Theredistritution
of dataintroducesextra internal communicationcost, but comparedo expensve remotel/O accessthe
internalcommunicatiorcostcanbeignored.Again, we cancalculatethe resultsfirst whencollective I/O is
performed:

T = Tconn + Tpureopen + Tstage + Tseek + Tread + Tfileclose + Tconnclose + Tcommcost
= 0.71 + 5.36 + Tstage + (0.42 + 4.5) + 0.52 4 0.0003 + 0.15
= Tstage + 11.66 (7)

WhereT,..q = 4.5 accordingto Figure5. It also commensuratewith our experiment13.12 seconds
(Tstage = 0). We canseethatcollective I/0O significantlyreducedhe I/O times. In general given number
of I/0 calls(n) andeachwith sizes, we have

Tnoncol - Tcollective = n(Tseek + Tread(s)) - (Tseek + Tread (ns) + Tcommcost)
= (n - 1)Tseek + (nTread(S) - Tread(ns)) — Teommecost (8)

In general,nT,..4(S) is significantly larger than T,...4(ns) accordingto Figure 5. When the data
sizeis large (5>16MB), Tyeqd(ns) = Kns andnT,¢qq(s) = nKs = Kns accordingto Equation4, so
NnTread(8) = Tread(ns). Thereforecollectve I/O cansave atleast(n — 1)Tseer, Whichis O(N) (Teommecost
canbeignoredcomparedo (n — 1)Tseek)-

Figure7 shaws performanceaumberf collective I/O comparedo the naive approach.

4.2 Data Sieving

If the userrequestsseveral small, noncontiguousiccessesgatasieving [9] is helpful to reducethe I/O
lateny. The basicideais to make fewer large contiguousl/O requestsand later extract what the users
actualrequestn mainmemory Datasieving readsmorethanneededbut the benefitof reducingnumberof
I/0O calls outweighsthe costof readingunwanteddata. ConsiderFigure6 again,if processof readsitems
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Figure7: 1/0 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
processorsNotethat the Y-axisisin log scale.

0,1, 4,5, thedatasieving optimizationwould read0, 1, 2, 3,4 and5 in onel/O call, andthendiscard?, 3in
memory As moredataarereadin datasieving andeachprocessohasto establishits own /O connection,
datasieving is slightly worsethancollective I/O in performancebut comparedo the naive approachwe
obseredsignificantperformancemprovementgFigure7).

4.3 Subfile

In mary tape-basedtoragesystemsthe accesgranularityis a wholefile [10]. Consequentlyevenif the
programtriesto accesonly a sectionof the tape-residentile, the entirefile mustbe transferredrom the
tapeto the upperlevel storagemedia(e.g., magneticdisk). This canresultin poor /O performanceor
mary accesgatterns.Subfile[6] is a techniguethattransparentiyoreaksup a large datafile into smaller
subfilesin storage.Whenthe userrequestsa small portion of data,one or several subfilescanbe sened.
Thistechniquecansignificantlyreducenumberof I/O calls,thereforeémprovesthe performanceDetailsof
subfilingtechniguesanbefoundat[6].

4.4 SRB Container

Dueto therelative high overheadof creating/openindjles in archival storagesystemssuchasHPSS they
arenot suitablefor storinglarge amountof smallfiles typically foundin digital library systems.The SRB
containerconcep{8] wasspecificallycreatedo handlethis typelimitation. Throughthe useof containers,
mary smallfiles canbe aggrgatedbeforestoragein the archival storagesystem. The implementatioris
that SRBmaintainsa ‘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 Figure 8
shavs someperformancenumbersfor container In this experiment,we assumehereare 10 smallfiles,
they arereadsequentiallyby oneprocessorThetotal I/O time is measuredSincewe assumel ;4. = 0,
soatfirst glance onemaythink containershouldhave roughlythe sameperformancenumberasthe naive
approachBut notethatthe containetis working with SRB high level AP, soits I/O performancealoesnot
belongto our performancenodel(Section3). Sowe obseredthatfor smallerdatasizes(1Kx10,16Kx 10
and100Kx 10), containemasbetterperformanceFor larger datasizes(1Mx 10, 2M x 10 and4Mx 10), its
performanceas worse. But in the future whenthe T, is takeninto accountthe nave approachwould
have 10T;,4.Sandcontainethasonly one,sowe shouldobsere significantperformancemprovementdgor
all datasizes.
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4.5 Superfile

While containerconcepicanimprove the performancédor accessingiumerousmallfiles, we noticethatto
acces®bjectsin containerthe userstill hasto issueasexactnumberof 1/O calls asbefore,althoughthe
objectscanbe guaranteean disksmostof thetime. In anenvironmentlike ours,the applicationmay be
thousandsniles awvay from the storagesystemsthe numberof I/O callswill still dominatethe I/O perfor
mance.Therefore we proposea novel technique:Superfilefor large amountsof smallfiles. Thebasicidea
is thatwhenthesesmallfiles are createdwe transparentlyconcatenat¢hesesmallfiles into onelarge su-
perfile Solateron,whentheuserreadshesesmallfiles, thefirst readcall bringsthelarge superfilein main
memory so the subsequenteadsto otherfiles canbe copieddirectly from main memory Two database
tablesarecreatedn our MDMS to helpkeepthefilename offsetetcof eachfile in the superfile Notethat
the databaseonnectioncostis very small. Before experimentswe calculatesomeresultsfirst. Suppose
thereare10 smallfiles, eachis 1K. The naive approachwould give:

Tnai'ue = Tconn + n(Tpureopen + Tseek + TTead + Tfileclose) + Tconnclose
= 0.71 +10(5.36 + 0.42 + 0.56 + 0.52) + 0.0003
= 69.31 (9)

Usingsuperfile we have

Tsupe'rfile = Tconn + Tpureopen + Tseek + Tread + Tfileclose + Tconnclose + Tdb + Tmemcpy
= 0.71+5.36 +0.42 + 0.63 + 0.52 + 0.0003 + 0.5 + Trnemepy
= 8.14+ Trnemepy (10)

WhereT,..,q4 = 0.63 accordingo Figure5 andin bothequationsl;,4. = 0. We measuredhatthe Ty,
is about0.58,Tiemcpy 1S @asmalloverhead Our experimentsshav thattheresultsof nave andsuperfileare
65.80sand8.01srespectiely which areconsistentvith our performanceanalysis.

In general Ty, give - Tsuper fite IS givenby

Thaive — Tsupe'rfile = (n - 1)(Tpureopen + Tstage + Tfileclose) + (nTread(S) - Tread(ns))
_(Tdb + Tmemcpy) (11)

Ignorethe lastitem andsinces is small, S0 nT}¢.4(s) is largerthanT;...q(ns). Therefore Ty zive —
Tsupev‘file = O(n)

Figure8 shavs that superfileimproved the performancenear10 timesfor smallerdatasizes(1Kx 10,
16Kx10and100Kx 10) andwhenthedatasizesarelarger (1Mx10,2M x 10and4M x 10), its performance
improvements still obvious. WhenT ;4. is consideredn thefuture,theperformancémprovementsshould
bemoreobvioussincein superfilethereis only oneT’;q4. comparedo 10 T';q4.S for thenave approach.

4.6 Migration, Stageand Purge

SRBprovidessometaperelatedfunctionssuchasmigration, which advisedHPSSmove the datafrom disks
to tapes;stege which bringsthe datafrom tapesto disksfor prospeciie readby the userandpurge which
removesthe datafrom HPSSdisks. Our MDMS canaggressiely utilize thesefunctionsfor optimization.
For example,if the newly generatediatais not usedin the nearfuture, a migration hint canbe issuedto
inform HPSSto migrate/puge the dataas soonas possible,thus save the spaceof disk cache. Another
exampleis thatwhenthe userfindsthatsheis goingto access datafile in thefuture,our MDMS cansend
a stage requestthroughSRB to prestagedatafrom tapesto disks. Unfortunately thesefunctionsare set
to privilegedfunctionsfor systemsecurityandreliability andwe arenot ableto experimentwith themat
presentBut weincorporateheminto our SRB-OL for possiblefuture usage.
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Figure8: Timings for Superfile and Container. 10 files are read sequentially by one processorand
the total 1/0O time is measued. It is obvious that superfile improved the performance by a factor of
10for smaller data sizes(left) and for larger data sizes(right), the performanceimprovementis also
obvious. Note that container and naive approachesuse different SRB APIs, so their performance
numbers are not comparable when T',4. = 0 at present. In the futur e, when T4, is taken into
account,the performanceof container would exceeahat of naive approachfor all data sizessincethe
naive approachsuffersmultiple Ti;,4.S. In any casessuperfile approachis alwaysthe best.

5 1/0 PerformancePredictor

As we canseein section4, we cancalculatein advancethe I/O costsbeforewe actuallyperformthe ex-
perimentsandour estimatesarevery closeto the actualexperimentakesults.Knowing how muchl/O costs
for the users applicationbeforeexperiments(especiallyl/O intensve applicationshassomeadwantages:
theusercanchoosesuitableparameterso obtainatime thatshecanbe satisfied. Theseparametericlude
numberof iterations,arraysizesfrequeng of I/O dumpsandsoon. Theusercanalsocomparehow much
I/0O time canbe saved by I/O optimizationssuchascollective 1/0, superfileandsoon.

We designeaindimplementedigeneral/O PerformancePredictorthatcangive apredictionof 1/0 cost
basednourperformancenodel. Theuserprovidessuchinformationto thepredictor:numberof iterations,
arraysizes,numberof datasetsfrequeng of /0 dumps,accesgatternsandsoon . The predictortakes
theseparameterandusethe figure 5 which are storedin databaseo calculatethe I/O costbasedon the
accesgattern.Both naive andoptimizedcostsarecalculatecandcompared.

6 MDMS and SRB-OL

In sectiond we presentedhe SRB-OLwhichincludesvariousstate-of-the-a/O optimizationscheme®n
top of SRBlow level I/O functions. The decisionwhetheror not to usetheseoptimizationsandwhatkind
of optimizationshouldbe usedis the taskof MDMS (Figure1). The MDMS takes userspecifiedinfor-
mation/hintsfrom userapplicationwhichis onelevel above MDMS andselectsa suitablel/O optimization
approachtransparently7]. Thesehints(accesattern)includehow datais partitionedamongprocessors,
how large the datawill be generatedhow frequentlythe datawill be used,what datasetsare associated
togetherand so on. Theseuserlevel hints are high level in a sensethatit is commensurat&ith human
customsandbehaiors. For example,the usercould express(Block, Block) whensheis goingto partition
atwo dimensionakrrayinto subarraysamongprocessorsWhenMDMS obtainsthis hint (Block, Block),
it searcheshe databasdo seehow datais storedon storagesystems.If the datais storedin (Block, *)
which doesnot conformthe accesgattern(Block, Block), thenMDMS would suggest collective I/O be
performed.In addition,the high level hint (Block, Block) will be corvertedby MDMS to a datastructure

In [7], the userhasalreadyspecifiedtheseinformationto MDMS when shestartsa new application. So our performance
predictorcanjust searchdatabaséo obtaintheseinformation.
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understandablby lower level /O functionsto SRB-OL or MPI-IO. Finally, SRB-OL or MPI-IO usesthis
datastructureand|/O decisionto performoptimizedl/O. We canseethatthis userlevel hints (from user
application),systemlevel optimizationdecisionmaker (by MDMS) andlow level I/O optimizationlibrary
(SRB-OL) provide a good exampleof layereddesignandimplementatiorin software engineering.This
allows designof low level library (suchasdesignandimplementatiorof our SRB-OL)independenof other
layersandmalke the higherlevel layers(suchasMDMS) portable.

7 Conclusionand Future Work

In this paperwe presentedur SRBOptimizationLibrary (SRB-OL)whichis built ontopof SDSC5Storage
ResourceéBroker (SRB)to optimizel/O accesgo variousarchial storagesystemsuchasHPSS,UniTree

etc. Like UNIX I/O, SRB1/O only reads/writesa contiguouspieceof data,but mary useraccesatterns
arenon-contiguousthis resultsin large numberof I/O calls which arevery expensve. Our SRB-OL em-

ploys numerousstate-of-the-art/O optimizationapproacheshat addresshis problem. We designedand

implementedemotecollective I/O, datasieving, superfileon top of SRB andwe alsoincorporatedsubfile,

container migration,stageandpume into our library. Theseoptimizationschemegprovide our Meta-data
ManagemenBystemgMDMS) with amplechoicesof I/0 optimizations.

We proposed performancenodelbasedn ourexperimentfor SRBI/O accessingiPSS By usingthis
performancenodel,we canprove quantitatvely thatcollective I/O hassignificantlybetterperformancéhan
doesthe naive I/0 approachwhich includesnumeroud/O calls whenthe datapartition doesnot conform
thelayouton storage.

Wealsopresentedhedesignof anl/O PerformancePredictorthatcangive theuseraconcephoy much
I/O costfor herapplication soshecanmale bestuseof herapplicationby choosingappropriatgparameters.

Ourperformancenodelandall our experimenthave notconsideredhetapestagetime T;q4¢ Yet. This
is becausd’s, 4. mayvarysignificantlyandourcurrentprivilegeis notallowedto performpurge. Therefore,
we cannot guaranteghatthereis no disk copy on HPSSwhenwe run the experiment. In the future, we
would find away to solve this problemandre-doall the experiments We believe we canobtainmuchmore
performanceémprovementgor mostof experiments For example,in superfileoptimization,whenT s is
takenontoaccountthe nave approactwould have 10 stagedor 10 smallfiles, while in superfile,only one
stageoccurs.As stageis very expensve, superfilewould have muchmoreperformanceémprovements.
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