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Abstract

Optimizing collective input/output(l/O) is importantfor improving throughputof parallelscientificapplications.Current
researclsuggestshataspecializedollective applicationprogrammingnterface,coupledwith system-lgel optimizations,
is necessaryo obtaingoodl/O performancelUnfortunatelycollectiveinterfacesequireanapplicationto disclosets entire
accesgatternto fully reorderl/O requestsandcannofflexibly utilize additionalmemoryto improve performanceln this
papemwe proposeandanalyzea methodof optimizing collective accespatternaisinginformedprefetchinghatis capable
of exploiting ary amountof available memoryto overlap I/O with computation. We comparethis approachto disk-
directedl/O, an efficientimplementatiorof a collective I/O interface. Moreover, we prove that undercertainconditions,
a perprocessoprefetchdepthequalto the numberof drivescanguaranteesequentiadisk accessefor any collectively
accessefile. In empiricalstudiesa prefetchhorizonof oneto two timesthe numberof disksperprocessors sufficientto
matchthe performancef disk-directed/O for sequentiallyallocatedfiles. Finally, we developaccurateanalyticalmodels
to predictthethroughputf informedprefetchingfor collective readsasa function of the perprocessoprefetchdepth.

1 Intr oduction

Poorinput/output(l/O) performances one of the primary obstaclegdo effective useof high performancemultiproces-
sorsystems.In an effort to provide high throughputcommensurataith computepower, currentmultiprocessosystems
provide multiple disksor disk arraysattachedo 1/0O processorghatcommunicatevith computeprocessorshrougha fast
network (seefFigurel). A parallelfile systemmanagegarallelfilesthataredeclustere@crossnultiple /O processorsuUn-
fortunately parallelfile systemshave beenunableto consistentlydeliver peakhardwareperformanceo applicationswith
widely varyingl/O requirementsandl/O remainsacritical bottleneckfor alarge classof importantscientificapplications.
Many studieshave shavn thatparallell/O performances extremelysensitve to thefile accesgattern,which canbe
extremelycomplex. Eachthreadof a parallelapplicationaccesses portion of a parallelfile, declusteredver multiple
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Figure 1: Systemarchitecture. Computenodesandinput/outputnodes(eachof which manages disk or disk array)
communicatéhrougha fastnetwork interconnect.




disks,with a local accesgattern. The temporaland spatialinterleaving of the local accessatternsis the global access
pattern. To optimize applicationthroughput,it often helpsto have informationaboutthe global accessattern;thus,an

importantresearctareain parallelfile systemdesignis determiningwhataccesgatterninformationneedgo be specified
by anapplicationto provide goodperformance.

Oneimportantclassof accesgatternsis collective /0. Supposehe threadsof a parallelapplicationsimultaneously
accesyortionsof a sharedfile, andno threadcan proceeduntil all have completectheir I/O. If thethreadsusea UNIX-
styleinterface,a separatesystemcall is requiredfor eachdisjoint portion. This canresultin non-sequentiahccessesand
consequentlypoor performancet the I/O processorsProviding high-level accesgatterninformationto the file system
throughanapplicationprogrammingnterface(API) allows disksto reorderequestsservicingthemto maximizethrough-
put. Thismotivatesoptimizationssuchastwo-phasd7] anddisk-directed/O [11]; givenglobal,high-level knowledgethat
somedatamustbereador written beforeall the processorsanproceedthel/O operationcanbereorderedo occurasan
efficient collective. In recognitionof its importanceo high-performancé&/O, aninterfacefor collective I/O is specifiedas
anextensionto the Scalabldnput/Output(S10) initiative low-level API [5].

A moregeneratechniquédor improving performancdy providing accespatterninformationto afile systemnis through
informedprefetching.Theapplicationconstructdintsdescribingutureaccessethataprefetcheusegoissuel/O requests
in advanceof thedemandetchstream Althoughamainadwantageof prefetchings its ability to overlapl/O with computa-
tion, deepprefetchingenabledetterdisk schedulingimproving throughputnalogouslyo a collective I/O implementation
that sortsdisk requests.Unlike an efficient collective I/0O implementationthe quality of disk schedulings a function of
theprefetchdepth.

Giventhata parallelapplicationmustperforma collective read,and provided that eachprocessohassufficient time
to overlapthel/O with computatiorandsomeamountof memoryto issueprefetchrequestsye investigatehow to utilize
this memoryusinggeneralinformed prefetchingtechniquedo achieve throughputsimilar to an efficient implementation
of collective I/0. We derive modelsfor expectedthroughputusing prefetchingand validate theseexperimentally We
shav thatwith only a smallamountof additionalmemorythatscaleswith the numberof disks,informedprefetchingcan
outperforman efficient collective I/O implementation.

Theremainderof this paperis organizedasfollows. We describethe complexities of collective accesgpatternsandour
targetapplicationin §2. In §3 we presenthestateof theartoptimizationgor collective I/O. In §4 we discusrefetchingas
analternatve to acollective I/O interface,anddescribemodelsfor prefetchinghroughputasedn the availablememory
We presenbur experimentakvaluationof prefetchingandcollective I/O usinga simulationinfrastructuren §5. In §6 we
suney relatedwork, andwe concludewith directionsfor futureresearchn §7.

2 Problem Specification: Collective AccessPatterns

We definea collective accespatternto bea specialglobalaccespatternwhereprocessorsimultaneoushaccesgortions
of a parallelfile. A parallelfile hasseveral layersof abstraction.At the applicationlevel, processorsnay imposesome
structureon the logical file to determinehow to partition it amongthemseles. At the systemlevel, thereis usually
a canonicalorder for logical file blocks or records. Theseunits are in turn storedon disk drives accordingto some
distribution. Finally, the placemenbf blockson a single drive may vary from sequentiato random,dependingon the
placemenstrateyy.

Dependingon how thelogicalfile blocksarestoredon disk anddistributedamongprocessorsheglobalaccesgattern,
andconsequentlyqueuesat eachdrive, canvary dramatically Figure2 illustrateshow logical file blocksmay be striped
round-robinacrossdrives, and distributed amongprocessorsaccordingto threedifferentlogical file views (interleaved
sequentiall-D block,and3-D block) thathave beenusedin scientificapplications.

Usinga UNIX-style interface,processormustatleastissuea separateequesfor eachcontiguougortion. We assume
thatin acollectiveread processorsynchronizeandeachprocessobeginsreadingits portion,block by block, in increasing
logical block order Figure3 depictsanabstractiorof how the 1-D block decompositiorof Figure2 evolvesovertime. We
canseethatdisk utilization, andconsequentlyhroughputjs poor. This exampleis very small,soindividual drive accesses
arestill sequentialHowever, whenprocessorsimultaneoushaccesslifferentlocationsof alargerparallelfile, it becomes
difficult to exploit sequentialityat the drives.

3 Collective /O Implementations

As we have describedcollective accesgo parallelfiles is often inefficient from an /O performancestandpoint. Each
processaccesse#s own disjoint portion, but to fully exploit disk bandwidth the file systemmusthave knowledgeof the
global, coordinatedaccesgattern. If the applicationcanspecifythatthe componentransfersof the collective operation
may be executedn ary order, becausehe applicationwill not progresauntil the entireoperationrhasbeencompletedthe
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Figure2: Threeexamplesof logical file views. A file, viewedasanarrayof blocks,maybeallocatecto processorsnary
ways. The diagramsabove shav threesuchlogical file views. The numbersidentify processorshat accesghe denoted
file regionsandprocessoraccesdlocksin logically increasingorder For example,in the interleaved sequentiahccess
pattern.eachprocessowill accesall the blocksstoredon a singledisk.

file systemcanminimize disk transfertime by reorderingrequestso matchthefile layout.

The SIO low-level API [5] includesan extensioninterfacefor collective I/O. One task of the applicationcreatesa
collective I/0, specifyingthe numberof participantswhetherthe operationis a reador write, the numberof iterations,
and (optionally) what portionswill be operatedn. Participatingapplicationtasksissuecallsto join the collective; each
specifiesa list of correspondindile regionsand memorylocationsthatwill be involvedin the transfer The transferis
asynchronousthe file systemcan eitherwait for all participantsto join the collective beforeinitiating the transfer or
serviceeachrequesimmediately

Thereare severalimplementatioralternatvesfor collective I/O that canbe cateyorizedasuserlevel or system-leel.
Userlevellibrariesto supportcollective /O, suchastwo-phasd/O [7] have processoraccesdilesin long contiguougpor-
tionsandpermutethe dataamongthemselesto correspondo the processodatadecompositionTwo majorperformance
problemswith this approacharethatthe usetlevel library cannotexploit informationaboutthe physicaldisk layout, and
the permutationphaseis not overlappedwith 1/0O. System-lgel implementatiorapproacheprovide systemsupportfor
collective operationspneapproachthat addressetheseproblemsis disk-directed/O [11]. Disk-directedl/O allows the
I/0 processorso sortthe physicalblock requestsaaindtransferthe requestedlocksdirectly to the requestingorocessors.
Besidesapplicationbuffer spaceo receve the outstandingequestno additionalmemoryis necessary

4 ProposedMethod: Informed Prefetching

The confluenceof application-specifiethformationandsystem-lgel supportallows optimal schedulingof collective I/O
requestsHowever, theunderlyingprinciple (gatheringandsortingrequest$rom processor# a globally optimalmanner)
canimprove theperformancef mary parallell/O accespatternsPrefetchingcanprovide thesebenefitdor collective /O
usingamoregeneraframeavork thatdoesnotrely on specializedsystemoptimizations.



A | | |

L | i i@||;m

[ ] | 5 I R O 1~ R N 4

m 'o'® s !l |

| | | | | |

By

Dw-iﬂ sl @ |
0 | | I@:@|@|@

| |

= : |@:@|@:@|

M) 0 12 @ | @ | |

| | | | | |

aﬁ'ﬁ'@'?'t't't’

0 1 2Tlme§ep4 5 6

Figure3: Disk queuesover time. Assumingunit time to servicedisk requeststhe 1-D block patternevolvesovertime as
shavn above. Theidentifier of the requestingorocessofabelseachblock request.Note thatdisk utilization is only 50%.
Ideally this setof accessesouldbe completedn four timesteps.
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Figure4: Collective input/output benchmark. We considera benchmarkwhich iteratively readsdata(the collective
operation)andcomputesnit (a). Readtime andcomputetime arebalancedsothatall readtime canbe partially (b) or
fully (c) overlappedwvith computation.

4.1 Overview

Prefetchings a generaltechniquethatimprovesl/O performanceby readingdatainto cachebeforeit is requestedover
lappingl/O with computation Althoughmuchresearcthasfocussedn anticipatingdatarequestdbasedn accessistory,
informedprefetchingadvocatesusingapplication-suppliedhintsto inform thefile systemof futurerequest$§14].

Unlike a collective API, usinghintsto exposefuture requestgo thefile systemdoesnot explicitly give the systemthe
ability to reorderthem. However, deepprefetchingoromotesdeepdisk queuesenablingimplicit requesteordering.The
deepethe queuesthe morereorderings possible andthe higherthethroughput.n a spectrumwheredemandetchingis
atoneextreme(noreordering)andcollective I/O is atthe other(perfectreordering) prefetchingwith graduallyincreasing
depthsdescribesheperformanceointsin betweenln otherwords,aninformedprefetchingsystenpermitsmoreflexible
useof memory;if thereis notenoughmemoryto fully optimizethetransactionthe systemcanstill obtainpartialbenefits,
degradinggracefully

Thus,prefetchingimprovementshave two componentslt/O is overlappedwvith computationanddeepprefetchqueues
allow thedisk to reorderrequestslynamically improving throughput.Collective I/O is an optimizationthatreliessolely
uponrequesteordering.Onecanoverlapl/O with computationby issuingcollective I/O callsasynchronouslyhowever,
this approachrequiresallocatingenoughmemoryto hold boththe collective in progressandthe collective in memory

To formalize this intuition, we considera parallel benchmarkthat iteratively performscollective I/O operationsand
computen thedata. A parallelapplicationmustreadand processsomenumberof files, eachwith B blocks. Thefiles
arestripedround-robin,acrossD disks;this aspecbf thelayoutis not underapplicationcontrol. Thereare P processors,
eachwith finite buffer space andthe disksand processorare connectedvith a zerolateng/ network. For eachfile, the
processorsynchronizegachprocessoreadsa disjoint portion of the currentfile (P/B blocks),andwhenall processors
have completedheread,they begin to computeon the data. Figure4ashaws this I/O-computecycle. Eachprocessohas



| Parameter | Value

sectorsize 512bytes

cylinders 1962

revolution speed 4002RPM

transfertime (8 KB) 3.3316ms

rotationallateng 14.992ms/revolution

seektime (C cylinders) | if C < 383,3.24+ .4\/C else8.00+ 0.008C

Tablel: HP 97560disk parameters.

x blocksavailablefor prefetchingcalledthe prefetchdepth(or prefetchhorizon),andmayissueupto z prefetchrequests

in advanceof thedemandetchstreamto overlapl/O andcomputatiorasshavn in Figure4b. This functionalitymightbe

providedby a very basicprefetchingsystemthatcould beimplementedt the applicationlevel usingasynchronou$O.
Drawing from terminologysetforth in [14], we describetheelapsedime T for suchabenchmarlas

T = Neo(Tepu + Teonr) 1)

whereN,,; is thenumberof collective I/O accessed ¢ py is the CPUtime betweercollective operationsandT,,; is
thetime to performa collective /0O access.

By default, 7.,y is notoverlappedvith Tc py; theapplicationseesall I/O time (Figure4a). We defineT, () asthetime
to performa hintedcollective I/O with someperprocessoprefetchdepthz. In otherwords,we canoverlapsomefraction
of thel/Osin the collective with computetime (T pyy) to improve performanceasshowvn in Figure4b. Prefetchingwill
outperformnon-overlappeccollective I/O if

Tpt(z)y < Topu + Teonn 2)

At this point, we make an importantobsenation. T}, is highly dependenboth on the global accesgattern(the
temporalandspatialinterleaving of eachprocessoslogicalaccesgatternjandonthedisk allocationstrateyy (themapping
of logical blocksto physicaldisk locations). Therefore the choiceof prefetchdepthwill changethe time necessaryo
servicethe collective usingprefetching We investigataheimpactof the globalaccespatternon prefetchhorizonin §5.3.

We usememaoryasthecommoncurreng to compareperformancef collective I/O andinformedprefetching A collec-
tive operationrequiresB blockswithout overlappingand2B blockswith potentiallyfull overlapof I/O andcomputation.
In contrastjnformedprefetchingcanutilize any availablememorybetweenB to 2B blocks. To outperforrnon-overlapped
collective I/O using B blocks,prefetchingwill requireB + z blocks,wherez is the prefetchdepth.We determinebounds
onz in §4.3.

4.2 PerformanceModel

We considerthe throughputof anapplicationwith theread/computeycle of collective operationsshavn in Figure4 asa
functionof the prefetchdepthz. Assumethatdisk block placements random,sotheglobalaccespatterndeterminedy
thedistribution of blocksto processorsjoesnot significantlyaffect overall throughput.

The time for eachread/computeycle is the time to service(B/P) — z 1/O requestsplus the computetime for the
collective, or (B/P)T. We assumethat the initial z prefetchrequestsare fully overlappedwith the previous cycle
computetime. Equation(3) expresseshetime for a singleread/computeycle.

Teyete = (5 =) - Ta+ (3) T ©

The time T to servicea single block varieswith the prefetchdepthz. We can modelthe disk servicetime more
accuratelywith (4), asthe sumof theindependentariablesfor theexpectedransfertime, rotationallateng, andseektime
asafunctionof the perprocessoprefetchdepthz.

T4 = E[Trans ferTime] + E[Rotational Latency] + E[SeekTime(x)] 4)

We cancalculateT;; for the HP97560disk drive (seeTable 3), usedin our experimentalevaluation,asfollows. The
expectedtransfertime is a constantfor 8 KB blocks, expectedrotationallateng is equalto one half a rotation,andthe



| Symbol | Meaning |

Teyete read/computeycle time

B number8 KB blocks

P numberprocessorgequalto numberof disks)
Tq timeto serviceblock read

Te computetime perblock

T perprocessoprefetchhorizon

M numbertracksin desirechorizon

r prefetchrequestperdisk

Table2: Symboldefinitions.

expectedseektime is formulatedin (5). If a processothasa prefetchdepthof z, it may have at mostz outstanding
prefetchrequests.Although theseprefetchrequestsare issuedin logical orderwithin the file, the physicaldisk blocks
will berandomlydistributed,andreorderedat the disk queues.A processomwith x outstandingequestcannotprefetch
anothemblock until its first prefetchrequeshasbeendemandetched.On average with randomplacementthefirst request
will bein the middle of somedisk queue,so half of the requestanustbe servicedbeforethe processorcanissuemore
prefetchesConsequentlyon average only z/2 requestsarein the queueat ary time. We countthe currentdisk position

asanadditionalrequest.The averageseekdistancejn cylindersC, betweenr uniformly distributedrequestss givenby

C/(r + 1); thus,our modelapproximateshe averageseekdistanceasC/((z/2) + 2).

1962

E[SeekTime(z)] = 3.24 + .04(
242

) ®)

For sequentiabisk placementit is moredifficult to estimateTy, becauset is dependentiponboththe prefetchdepth
x andthe accesgattern.We simplify the accesgpatternvariationsby modelinga globalsequentiahccesgatterncreated
by allocatingeachblock in the file to a processodravn from a uniform distribution. Our intuition is asfollows: the
optimalscheduldor eachdrive is to readfile blockssequentiallywhich meanghatideally eachdrive shouldknow which
processorsequiretheblocksthey arereading.Within a particularfile region,eachdisk will have partialinformationabout
which processorsequirewhich blocks,throughprefetchrequests.As the prefetchdepthz increasesthe probability of
having completeinformationfor this region increasesWithin eachtrack, requestsaresequentialput the costto accessa
differenttrackincursrotationallateng plustransfertime.

The size of thefile region we consideris 2P blocks, expressedastracksin (6). Thisis two timesthe prefetchdepth
necessaryor theoreticakequentialityon the drives,aswe will shav in §4.3,andis a goodestimateof the practicalbound
for sequentiahccesgaswe shov experimentallyin §5.4).

2 - P - sectorsPerBlock
M = 6
sectorsPerTrack ©6)

We estimatethe averagenumberof trackshit (tracks ) by r requestsisingCardenas formula[2] in (7). Thenumber
of requestsat eachdisk, r, is relatedto the prefetchdepthz by therelationshipr = (Pz)/D. Sincethe numberof drives
andprocessorarethesamey is equalto x.

m:(l—(l—%)T)-M (7)

Thus,wehave fracyang = (M —tracks) /M, andtheformulafor T} is givenby (8), whereTy,, is thetimeto servicea
sequentiatlisk requestFrom(8) and(3) we cancalculatehethroughputor sequentiatisk layoutfor a globalsequential
accesgattern.

Ty = fracrangd - (E[TransferTime] + E[Rotational Latency]) + (1 — fracrand) - Tseq (8)
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Figure5: Bounding the prefetchdepth for collective accesatterns. If the network is infinitely fastanddisk access
occurin unit time, a prefetchdepthperprocessoequalto the numberof disksis sufiicientto ensuresequentiabccesseat
eachdrive.

4.3 Determining the PrefetchDepth

Collective I/0 implementationptimize collective accesspatternsby requiring eachprocessoto discloseall intended
accessem advance andglobally sortingthis requestist for optimalthroughput.lt might seemthatinformedprefetching
is incapableof generatinghis optimal /0O requestschedulefor ary file size and accesgattern,becausehe amountof
reorderingpossibleis boundedy the sizeof eachprocessos prefetchhorizon.

However, we canshav thatindependenbf file sizeandaccesgattern,with certaindisk placementssumptionsthe
prefetchdepthnecessaryo generateanoptimalscheduldor collective accessem anidealsystems theoreticallypounded
andis equalto D, thenumberof drives.Figure5 encapsulatesur assumptionandsketches proof of this bound.Blocks
of afile arestriped,round-robin,acrossD drives(8 in this figure). Within a drive, logically increasingfile blocksare
placedsequentially Eachcolumnrepresents logical file block, and eachrow represents single processos logical
block allocations,or ownerships. Every block is owned by exactly one processorpwnershipis representedy an x in
therow/columnintersection Eachprocessorequeststs blocksin increasingorder We assumé/O requestareperfectly
synchronizeatthedisksandoccurin unit time. We alsoassumeherestof our systemis infinitely fast,sothattheinstant
ablock hasbeenprefetchedthe processothatownsthatblock canissuea new prefetchrequest.

The optimal schedulés predeterminedy thefile layout; attimestepl, blocksO throughD — 1 mustbe servicedthen
in thenext timestepplocks D through2D — 1, andsoon. At eachtimestepthedisksneedto know which processopwns
eachblock (i.e.,theprocessomusthave prefetchedhatblock). As shavn in Figure5, atary timestept a prefetchdepthof
D ateachprocessowill corvey thisinformation. Thisis becausall the prefetchegor earlierblockshave beenserviced,
soto servicethenext D blocksit is sufficientfor eachprocessoto revealits next D requestsFor example,in timestep2,
processop, ownsall the D blocksthatwill beaccessedt musthave prefetchedheseblocks.

Intuitively, asrequestdor blocksin the beginning of the file are serviced the processorshat were waiting on those
blocksissuemore prefetchrequestgor the next requestsn sequenceln this way, the schedulingalgorithmat eachdrive
candynamicallytranslateanarbitrarydecompositionnto sequentiabccessesNote thatthe assumptionthatall blocksof
afile will beaccessedk crucialto this result,but not necessarilyrue of collective accesgatternsn general.For therest
of this paperwe consideronly files thatareaccesseth their entirety



| Parameter | Value |

Numberof disks 8

Disk type HP 97560
Disk capacity 1.3GB

Disk transferate 2.11MB/sec

File systemblock size | 8 KB
Numberof processory 8

Network lateng 25ns
Network bandwidth | 400MB/sec

Table3: Simulatorparameters.

5 Experimental Evaluation

In theprevioussectionswe introducedamodelfor prefetchinghroughputindproposeditheoreticaboundontheprefetch
depthnecessaryo obtain sequentiadisk requestscheduling. We expectthat with equalamountsof memory informed
prefetchingshouldbehave slightly worsethana collective interface. However, performanceof informedprefetchingwill
increasggracefullyasadditionalprefetchbuffersareavailable,quickly surpassingn efficient collective I/O implementa-
tion. In this sectionwe comparecollective I/O andinformed prefetchingexperimentallyvia simulationand measurghe
accurag of our model.

5.1 Simulator Architecture

We simulateda simple parallelfile systemfor the systemarchitectureshovn in Figure 1 that supportsdisk-directed/O
and informed prefetching. The major componentof our systemare processorsthe network, and /0O nodes,and our
emphasiss on /0 andqueuingeffects.Filesarestriped,block by block, acrosghel/O nodesandeachl/O nodeservices
onedisk. The network model haspoint to point communicationwith a fixed startupoverheadand a perbyte transfer
cost; we assumea very fastinterconnect.Eachprocessohasits own cacheand prefetcherwe assumeno overheador
memorycopiesincurredby cachehits. Thel/O nodeshave no cachebeyondthedisk cache . The disk modelwe have used
is Kotz's reimplementatiorof Ruemmlerand Wilkes’ HP 97560model [12, 15]. Table 3 lists the significantsimulator
parametersAlthoughthis disk is not modern,advancesn disk technologydo not qualitatively affect the queuingeffects
we areaddressingandthis particularmodelhasbeenwell testedandvalidated.

Thereare several possibleimplementatiorstratgyiesfor collective I/O; we limit our comparisorto disk-directed!/O,
which generallyoutperformsapplication-leel collective implementationsuchas two-phasecollective 1/0 [7]. In our
simulationof disk-directed/O, the processorsynchronizeat a barrier issuea collective call, and submitthe collective
requestgo the /O nodes.Eachl/O nodethenknows whatblocksit mustread,andwhich processorbave requestedhose
blocks. The I/O nodessortthe block lists to minimize transfertime, andsendeachblock to the requestingprocessoasit
is readfrom disk. Throughputfor the collective usingdisk-directed/O is optimal.

Usinginformed prefetching,eachprocessoconstructsa hint containingthe list of blocksthatit intendsto readusing
a standardJNIX-style interface. A hint containsa flag indicatingwhetherit is a reador a write andanorderedsequence
of blocksto be accessed.This matcheshe specificationSIO low-level API [5]. A prefetchingthreadassociatedvith
eachprocessorissuesup to x outstandingprefetchesto be cachedat the processarwherex is the prefetchhorizon. This
approactallows usto hide network lateng aswell asdisk lateng. For fair comparisorwith disk-directed/O, processors
issueabarrierbeforereadingthefile.

One of the advantagesof deepdisk queuescreatedby prefetchrequestss the ability to reorderrequeststhereby
improving throughput.To this end,we usea shortest-seetime first (SSTF)algorithmto schedulephysicall/O requests.
Althoughin arealsystem SSTFschedulingcouldleadto stanation,thisis notanissuein our experimentaldesign.

5.2 Collective Input/Output Benchmark

Studiesof application-leel I/O accesgatternsreveal thatiterative I/O computeloops where processorgollaborateto
reador write andprocesamultiple datasetsover the courseof executionarequite common[6, 17]. In our experiments,
we considera hypotheticalapplicationwith a read/computéoop that can be restructuredo read(and processYiles of
varying sizes,maintaininga fixed ratio of computetime to 1/0O volume,asillustratedin Figure4. The computetime for



AccessPattern | File Size(MB) Prefetch Collective Crosswer
Throughput Throughput Prefetch
Min | Max Depth

Interleaved 4| 9.018 17.988 9.066 1
Sequential 8 | 9.286 18.132 9.314 1
32 | 9.505 18.132 9.509 1
64 | 9.534 18.132 9.541 2

128 | 9.555 18.132 9.558 2

256 | 9.564 18.132 9.566 2
1D Block 4 | 3.091 16.894 9.066 16
Sequential 32| 2411 18.132 9.509 16
256 | 2.344 18.132 9.566 16

3D Block 4 | 2.584 17.198 9.066 8
Sequential 32| 2.708 18.132 9.509 16
256 | 2.473 18.132 9.566 16

Global 4| 3.123 16.145 9.066 7
Sequential 32| 2.623 18.132 9.509 10
256 | 2.408 18.132 9.566 14

Table4: Sequentiatlisk block placement.
File Size(MB) Prefetch Collective Crosswer Prefetch
Throughput Throughput Depth
Min | Max Unsorted | Sorted

4| 1.264 2.926 1.551 16 2

8| 1.314 3.033 1.593 32 2

32| 1.336 3.036 1.642 56 2

64 | 1.303 3.036 1.643 88 2

128 1.323 3.036 1.660 136 6

256 | 1.332 3.069 1.697 296 1

Table5: Randomdisk block placemenfor interlearedsequentiabccesgpattern.




for N iterations: for N iterations:

1. one processor defines the collective barrier synchronization
request, describing data to be read by each processor reads its portion of the
all processors data, one block at a time

2. barrier synchronization each processor gives the prefetcher
each processor joins collective, read- hints for the next iteration read, begin
ing its portion of data prefetching with available memory

4. compute on data compute on data

@

(b)

Figure6: Collective input/output pseudocode.Processorsollectively readand processN differentdatafiles oneat a
time, usinga collective input/outputinterface(a) andinformedprefetching(b).

eachcollective readis equalto thetime requiredto readthefile atthe throughputobtainedwith a4 MB disk-directed/O
operationgensuringthat1/O canbe completelyoverlappedwvith computation.Thereis enoughleadcomputetime thatthe
initial collective canalsobe fully overlapped.Although iterative collective I/Os aretypical, theseparticularbenchmark
parameterarefairly arbitrary andarechosersolelyto simplify presentatiomf results.

We describeresultsfrom experimentswherefiles are stripedover 8 disksandaccessedby 8 processorsWe obtained
qualitatively identicalresultswith largerbalancedsystemglargernumbersof disksandprocessorsandlargerfile sizes);
thesmallerconfigurationsizewaschoserto limit simulationtime.

Figure 6 shavs the pseudocodéor this benchmarkusing a collective 1/0O interfaceand informed prefetching. With
a collective interface, processorsequestall their assignedblocks at oncein step3. Using prefetching,eachprocessor
requeststs portion, a block at a time, with no interrequestateng. We consideronly 8 KB transfers,a commonfile
systemblock size. Largerrequestsncreasethe degreeof sequentialityandare subsumedy accesgatternswith larger
sequentiatuns. In this papemwe do not considercollective writesor theadditionalcachingandprefetchingssuesnvolved
in clusteringextremelysmall,noncontiguousequests.

5.3 The Significanceof Global AccessPatterns

We have explainedthatthroughputusinginformedprefetchingis dependentiponthe globalaccesgattern. A collective
API allowsdisksto sortthetotalamountof work in advance fully exploiting physicalsequentialityln contrasttheamount
of reorderingpossiblethroughinformedprefetchingdependsiponthe prefetchdepth.

Toillustratethis, we comparedisk servicetimesfor afile accessewvith two differentglobalaccespatternsionewhich
resultsin balancedsequentiatisk accesseandonewherethe prefetchdepthdeterminesghelengthof globally sequential
runs.Clientsissueprefetchesye vary the numberof simultaneouslyputstandingprefetcheperclient, but theclientcache
sizeis large enoughthatdemandetchesdo not flush prefetcheduffers. In this experiment,a 4 MB file is stripedover 8
disks,andblocksarecontiguouson eachdisk.

Ourfirst accesgpatternis asimpleinterleavedsequentiapattern.Thereare8 processorsgachprocessarp, readsevery
8th block beginningwith block p. This processodecompositiorcorrespondperfectlyto the disk decompositionunfor-
tunately sucha perfectdatadecompositioris relatively unusual.In contrastwe alsoconsidera 3-D block decomposition.
Figure7 compareghe averagedisk responsdime for theseaccesgatternsat differentprefetchhorizons. Disk response
timesfor the interleaved sequentiabccesgatternare uniformly good becausehe streamof accesseso eachdisk is al-
readysequential.Therefore deepeprefetchqueuesannotfurtherimprove performancey enablingrequesteordering;
theonly benefitof prefetchings overlappingof I/O andcomputationln contrastfor the 3-D block decompositionlarger
perprocessoprefetch-horizongcreasejueuedepthsandallow reorderingfor improvedperformance.

5.4 A Comparison of Informed Prefetchingand Collective Input/Output

As describedn §4, we compareperformancef informedprefetchinganddisk-directed/O (anefficientimplementatiorof
collective 1/0) with respecto their memoryrequirementsBoth approachesmprove throughputthroughrequestreorder
ing. Collective I/O doesthiswith aminimalamountof memoryusingaspecialized\PI anddisk requessorting(collective
throughpuis independendf accespattern).Prefetchingequiresadditionalbuffersto storeoutstandingprefetchedlocks
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patternsvariessubstantiallydueto queuereordering.

| AccessPattern | File Size(MB) | Crossaer PrefetchDepth |

Interleavred Sequential 256 1
1-D Block 256 96
3-D Block 256 32

Table6: Randomdisk block placementvith sortedblock allocation.

until they are fetched;the exact numberof buffers varieswith the accesgpatternandthe physicalblock layout. At the
sametime, theseadditionalprefetchbuffersallow 1/O to be overlappedvith computationfurtherimproving performance.
Collective I/0 canonly utilize memoryin multiplesof the collectivefile size.

Thus,the comparisoris oneof determininghow muchadditionalmemory(in prefetchbuffers)is requiredto equalor
surpasghe performanceof a collective interfacethroughthesetwo factors:improved /O throughputbecausef request
reordering,and overlappingof 1/0O and computation. In this sectionwe shov that prefetchingwith only a modestper
processoprefetchdepthenableslisk schedulingoptimizationssimilar to a specializedollective I/O interface.

5.4.1 A Memory-BasedComparison

We comparethe throughputof our benchmarkusingdifferentl/O techniqueswith varyingamountsof memory For each
collective readsize B, therearetwo datapointsfor collective I/O throughput;eitherthe applicationallocategust enough
memoryto readthefile (B), leaving no roomfor overlappingl/O andcomputationor it allocategwice asmuchmemory
(2B), permittingpotentiallyfull overlap. In contrastusingprefetchingwe obtaina full throughputcurve aswe vary the
amountof memoryallocatedo prefetchbuffersfrom B to 2B.

Figure8ashaws applicationthroughputor sequentiallyallocatedfiles accessedisinganinterleaved sequentiahccess
patternandthe 3-D block decompositiorillustratedin Figure2. Thetotal memoryavailablefor prefetchingvariesfrom
oneto two timesthefile size(4 MB to 8 MB) dividedamongthe 8 processorswith prefetchingwe cangraduallyincrease
the perprocessoprefetchhorizon, utilizing availableextra memoryto improve performanceWith a collective interface,
eithernoneof the l/O canbe overlappedvith computetime, or the collective operationcanbe performedasynchronously
with twice asmuchtotal memory Thus,thereareonly two points(circled)for collective throughput.Thechoiceof access
patterndoesnot affect collective throughputpecausdlocksareoptimally sorted.

The interleaved sequentialaccesatternmatcheghe file layout perfectly; additionalmemoryimprovesthroughput
only becauserefetchingoverlapsl/O with computation.In the 3-D block accesgattern,additionalprefetchbuffers not
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Figure8: Thr oughput vs. memory using collective input/output and prefetching A 4 MB file is stripedacross8 disks
andaccessetby 8 processorsisingdifferentaccesgatterns.n (a), block allocationis sequentiabndin (b) it is random.
With sequentiakllocation,only a modestamountof additionalmemoryper processosuficesto surpasghe throughput
obtainedusing a collective input/outputinterface. With randomallocation, all accesgatternsexhibit similar behavior

becauseghe correlationbetweerogical sequentialityand physicalsequentialityis lost. Prefetchdepthsmustbe largerto

surpasgollective input/outputthroughput.

only overlapl/O andcomputationput improve throughputby reorderingdisk requestandbalancingdisk load, resulting
in sharpperformancamprovementsthat level off. Performanceof the 3-D block accesgatternis not as good as the
interleaved sequentiapattern,evenwith deepprefetchqueuesThis is becausehortesseektime first (SSTF)scheduling
doesnot reorderrequestgo be perfectly sequentialanda single stall canhave a cascadingeffect on throughputwhenit
causeotherprefetchesotto beissued.

Figure 8b shawvs the samethroughputcurvesfor a file with randomblock allocation. In this extreme,the application
accesgatternhaslittle bearinguponthe shapeof the prefetchhorizoncurve; deepeiprefetchqueuesmprove throughput
accordingto the samefunction regardlessof accesgatternaslong asthe I/O load is balancedamongdisks. We also
obsenethatbecauseequesteorderings soimportantto optimizerandomaccesgatternscollective I/O alwaysprovides
higherthroughputthanprefetchingwith the sameamountof memory Recallthatusingdisk-directed/O we sortthe disk
blocks,andwith prefetchingve useanSSTFschedulingalgorithm. Evenwheneachprocessoprefetchedts entireportion,
SSTFdoesnot performaswell assortingthelist andmakinga singledisk sweep.

Table4 summarizeshroughpuftor differentfile sizes,allocatedsequentiallyusingfrom oneto two timesthefile size
total memoryfor prefetching.The crosswer prefetchdepthis the numberof outstandingprefetchrequestgper processor
(in 8 KB blocks)necessaryo surpasshroughputobtainedusinga synchronougollective I/O interfaceanddisk-directed
I/O. In additionto the accesgatternsshavn in Figure 2, we alsoevaluateda “global sequential’accesgattern,created
by assigningeachlogical file block a processodravn from a uniform distribution until eachprocessohasbeenassigned
its shareof the file. As processorseadtheir allocatedfile blocks,the global accesgatternis sequentialput it doesnot
correspondo ary standardlecomposition.

Table 5 summarizeghroughputfor an interleaved sequentialcollective accessor a randomly allocatedfile; other
accesgatternshave similar characteristicsThe crosswer prefetchdepthincreasedinearly with thefile size. It is clear
thatto exploit the high bandwidthaffordedby multiple disks,file blocksthatwill be accessedbgethershouldbe stored
sequentially

5.5 Selectingthe PrefetchDepth

We provedin §4.3thatfor atheoreticabystemif logical sequentialityis preseredin thephysicalsequentialityof the block
layout,andfile blocksarestripedroundrobinacrossD disks,aperprocessoprefetchdepthof D suficesto permitoptimal
disk scheduling.However, real systemsare not infinitely fast,nor do I/0 requestoccurin constantime, sowe should
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Figure9: Predictedthr oughput vs. experimental thr oughput. Our modelfor randomdisk placementa) is accurateo
within 5%. The modelfor sequentiatlisk placementb) is accuratego within 20%for prefetchdepthsgreaterthantwo.

expectthe actualcrosswer prefetchdepth,z, to increasedependingon network speeddisk placementandinterrequest
lateng.

In our experimentsjnterrequestateng of blockswithin the collectiveis zero,andthereforenot anissue.Our network
is fastenoughthattheturnaroundime for a prefetchedlock to bereturnedo therequestingorocessoanda new prefetch
issueds muchsmallerthanthe nearlyconstantostof asequential/O; however, it is notinstantaneousrhus,we obsene
in Table4 thatthe maximumcrosseer prefetchdepthfor sequentiablock placements 2D; the extra factorof D allows
processorso indicatewhich blocksthey own far enoughin advancethat at eachtimestepthe driveswill have complete
informationfor the next timestepwithout instantaneousirnaround.

In arealfile system block placemenis usuallysomavherebetweensequentiabndrandom. We notedfrom Table5
thatthe crosswer prefetchdepthincreasedinearly with thefile size;our prefetchdepthbounddoesnot applybecausé¢he
physicaldisk layoutdoesnot reflectthe logical block order However, evenif physicalblocksarenot sequentialasiong
asthey areconsecutie (theremay be gapsbetweerthem)andthey arestoredon diskin increasingogical order, a limited
prefetchbuffer depthwill suffice to obtainmaximumthroughput.We demonstratéhis by sortingthe randomlyallocated
blocksusedto determinghedefault crosswer prefetchdepthsof Table4 (sothatlogically increasinglocksarephysically
increasingon disk) andrecomputinghroughput.The new depthsshawn in thefinal columnof Table5, andfor largefiles
in Table6, aresignificantlysmaller

Note that the optimal depthsare not boundedby the 2D thresholdasthey arefor sequentialccessthis is because
disk servicetimesfor randomlyallocatedblocksareirregular, and processorsnustissuemore outstandingprefetchego
compensatéor thelack of synchronicity

Finally, althoughwe presentresultsonly from a balancedsystem(P = D), simulationshaws thatthe dependencef
prefetchthresholdon D alsoholdswhenthe numberof processoranddisksaredifferent.

5.6 Model Accuracy

We have demonstratethat oneof the benefitsof informedprefetchingis its ability to provide throughputimprovements
thatincreasegraduallywith additionalmemory In §4.2 we describednodelsfor the throughputof informedprefetching
asa functionof the perprocessoprefetchdepth.In this sectionwe assesshe accuray of thesemodelscomparedo our
simulation.

Throughputpredictionsprovided by the modelfor randomblock placementdescribedn §4.2 are accurateto within
5%, asshawn in Figure9. Throughputpredictionsprovided by the modelfor sequentiablock placementreaccurateo
within 20% for prefetchdepthsgreaterthantwo. Predictionsfor very small depthsare inaccuratebecauseequestsare
soscatteredhatthe expectedrotationallateng will be onerevolution, asopposedo the half revolution usedto calculate
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in the model. The modelalsolosesaccuray at larger depthsfor the samereasorthatthe curve for the 3-D block access
patternin Figure 8ais lower thanfor the interleared sequentiabccesgattern;the model assumeperfectsequentiality
with high prefetchdepths but SSTFschedulingdoesnot reorderrequestgo be perfectlysequential. The modelis more
accuratdor largerfiles, whenthe effect of a singlepoorschedulinglecisionis smaller

6 RelatedWork

Severalimplementation®f collective I/O have beenproposed.Two of the mostpopulararetwo-phasd/O [7] anddisk-
directedl/O [11]. In two-phasel/O, the applicationusesa particularinterfaceto alert the file systemto a collective
operation.In atwo-phaseead for example datais readfrom diskssequentiallyandredistritutedto theprocessorgvolved
in the collective. A variation of two-phasel/O called extendedtwo-phasel/O [20] usescollective I/O in conjunction
with dynamicpartitioningof the I/O workloadamongprocessors$o balancdoad andimprove performance As we have
describeddisk-directed/O is anothemethodfor optimizing collective requestswherethe completerequesis passedo
thel/O processorto be sortedandtransferredo applicationmemory

Many I/O librarieshave beendevelopedhatrely uponcollective /O optimizationsto improve performancef multipro-
cessoll/O systemsJovian[1] is aruntimelibrary for SingleProcesdMultiple Data(SPMD)codegqprocessorgxecutethe
samecodeon differentdata). The programmercchooseghe appropriatedatadistribution andl/O operationsareimplicitly
collective. A variablenumberof coalescingorocesseaggraatethe requestdo performthemefficiently underthe chosen
distribution. PASSION[4, 21, 19] (ParallelAnd ScalableSoftwarefor Input-Output)is anotheruntimelibrary targetedfor
SPMD applicationswith routinesto efficiently performout-of-coreoperations.The Panda[16, 3] library utilizes sener
directedl/O, a variationof disk-directed/O, anda high-level collective interfaceto achieve high performanceon array
accesses.

Pattersoret al [14] demonstratethe potentialof hinting accesse® guideprefetchingandcachingof files thatwill be
accesseth thefuture. A cost-benefiinalysisevaluateghereductionin 1/0 servicetime perbuffer accesgo decidewhen
to allocatebuffers. This is an elegantapproachfor dealingwith multiple applicationsthat competefor sharedcaching
and prefetchingbuffers. Kimbrel and Tomkins et al [10] compareseveral integratedcachingand prefetchingpolicies
usinghintsfor systemswith multiple disks. However, theseapproacheso not take into accounthe effectsof disk queue
reorderingthatareessentiato prefetchingcollective I/O operations.

7 Conclusionsand Futur e Work

We have demonstratethatinformedprefetchings a viable alternatve to a specializectollective I/0O interfacefor a large
classof accesgatterns.Unlike an efficient collective I/O implementationjnformed prefetchingrequireslimited system
supportbeyond the ability to usememoryto storeasynchronouseadsuntil they aredemandfetched. It may be a more
naturalprogrammingnterfacefor a parallelapplicationprogrammemho is accustomedo sequential/O. While perfor
manceof informed prefetchingimprovesasadditionalbuffer spacebecomesvailable, a collective I/O interfacecannot
exploit additionalmemoryunlessthereis enoughto hold the subsequentollective read.

The main perceved advantageto a collective I/O interfaceover prefetchingis the ability to sortthe collective request
pool for optimal throughput. We have proven that a boundedprefetchhorizonwill suffice to permit global requestre-
orderingsimilar to a collective interface,regardlesof accesgattern,assumindogical file sequentialityis preseredin
physicalblock layout. We have validatedthesetheoreticalresultswith simulatedexperiments. Finally, we have devel-
opedandvalidatedanalyticalmodelsthatmatchour experimentgo within 20%, while reflectingthe importanttrendsand
discontinuities.

This researcHeavesmary directionsfor future work. We intendto investigatehow hints canbe usedto tailor write
policiesto similarly improve performancef collective writes.
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