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Abstract

This paper introduces a new concept called Multi-

Collective I/O (MCIO) that extendsconventionalcollec-

tiveI/O to optimizeI/O accessesto multiplearrayssimul-

taneously. In this approach,asin collective I/O, multiple

processorsco-ordinateto performI/O on behalfof each

otherif doingsoimprovesoverall I/O time. However, un-

likecollectiveI/O, MCIO considersmultiplearrayssimul-

taneously;thatis, it hasa moreglobalview of theoverall

I/O behavior exhibited by application.This papershows

that determiningoptimal MCIO accesspatternis an NP-

completeproblem,andproposestwo differentheuristics

for the accesspatterndetectionproblem(alsocalledthe

assignmentproblem).

Both of the heuristicshave beenimplementedwithin

a runtimelibrary, andtestedusinga large-scalescientific

application.Ourpreliminaryresultsshow thatMCIO out-

performscollective I/O by asmuchas
�����

. Our runtime

library-basedimplementationcanbeusedby usersaswell

asoptimizingcompilers.Basedon our results,werecom-

mendfuture library designersfor I/O-intensive applica-

tionsto includeMCIO in their suiteof optimizations.

1 Intr oduction

Significantstridesmadein microprocessorperformances

in the last decadehave increasedthe importanceof opti-�
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theAcceleratedStrategic ComputingInitiative (ASCI) AcademicStrate-

gic Alliance Program(ASAP) Level 2, undersubcontractNo W-7405-
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DAC SDM centerandby a grantfor NSF, EIA-0103023.

mizing I/O performance.While a highly-optimizedI/O

platform/hardwareis a mustfor optimalI/O, softwareop-

timizationscanalsoplay a significantrole. This is partic-

ularly truefor a classof large-scalescientificapplications

whoseaccesspatternscanbeanalyzedby users/compilers

and optimized for the best I/O performance. Previous

work hasattacked this growing I/O problemat the oper-

atingsystem,runtimelibraries,compilersandapplication

levels. One of the major characteristicsof most of the

previous approachesto I/O is that they attemptto opti-

mize I/O accesspatternfor a single datastructure(e.g.,

disk-residentarray) at a time. While this approachcan

beusefulfor someapplications,we believe thatconsider-

ing the interactionsbetweendifferentdatastructuresma-

nipulatedby the sameapplicationopensnew opportuni-

ties for optimization. For example,consideringaccesses

to multiple arraysmanipulatedby an applicationcanen-

able inter-arrayoptimizationssuchasco-locatingarrays

in disk spaceor performingprefetchingbasedon history

of arrayaccesses.

This paper introducesa new concept called Multi-

Collective I/O (MCIO) that extendsconventionalcollec-

tive I/O (CIO) to optimize I/O accessesto multiple ar-

rayssimultaneously. In thisapproach,asin collectiveI/O,

multiple processorsco-ordinateto performI/O on behalf

of eachotherif doingsoimprovesoverall I/O time. How-

ever, unlike collective I/O, MCIO considersmultiple ar-

rayssimultaneously;that is, it hasa moreglobalview of

theoverall I/O behavior exhibitedby application.Thispa-

pershows thatdeterminingoptimalMCIO accesspattern

is an NP-completeproblem,and proposestwo different

heuristicsfor the accesspatterndetectionproblem(also
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calledtheassignmentproblem).

Figure1 highlightsthe differencebetweenMCIO and

traditionalcollective I/O. In MCIO, we optimizethe ac-

cessesfrom multiple processorsto multiple files taking

into accountthe inter-file accesspatterns.In CIO, on the

other hand,accessesto a single file from different pro-

cessorsarecombinedto a singleandlargerI/O requestto

improve the requesttime. In MCIO, accessesfrom sev-

eral processorsto several files arecombinedto increase

theefficiency.

MCIO mightbeveryusefulin anumberof cases.Many

large-scalescientificapplicationsaccessmultiplefilesin a

singlerun. Severalof theseapplicationsgenerateseparate

files for thesimulatedvalues.This forcestheapplication

to accessdatafrom multiple files to gatherthe required

information. A simple analysisof the coderevealsthis

information,which canbeusedby theMCIO. MCIO can

alsobe utilized whendatafor differentvariablesareac-

cessedfrom a singlefile. For example,astro3d [15], the

scientificapplicationwe have usedin this study, accesses

six differentvariablesfrom a singlefile. Thesevariables

arestoredin separatebuffers,hencesix differentI/O calls

have to be performedto accessthe informationrequired

by the application. MCIO can be utilized in this case.

Note that,accessingdifferentvariablesfrom a singlefile

is not a separateproblem,it is just a specialcasefor the

processor-file configurationin MCIO. Most of the scien-

tific applicationsfall eitherin thefirst (accessingmultiple

files in a singlerun) or into the second(performingcon-

secutive I/O calls to a singlefile to accessdifferentvari-

ables)category. Therefore,a large majority of the large-

scalescientificapplicationscaneffectively utilize MCIO.

Anotherusageof MCIO is relatedto sub-filing.Memik

etal. [16] usessub-filingfor optimizingrandomaccesses

to thetape-residingdata.In this framework,a largeglobal

file is storedasseveralindependentsocalledsub-files.In

general,eachaccessto the global file might involve sev-

eralsub-files.In otherwords,anaccessto theglobalfile

bringsonly the smallestsubsetof sub-files(from tapeto

disk) that(collectively) containtherequireddataportion.

This not only reducestheeffective latency observedfrom

the tapedevice, but alsoallows customizedmanagement

of individualsub-filesacrossstoragehierarchydepending

on datareuse.MCIO canbe utilized to accessdatathat

hasbeenbroughtto thedisks.

In this paper, we make the following major contribu-

tions:

� We introduce the MCIO techniquethat improves

over the currentstate-of-theart collective I/O tech-

nique;

� Wediscussthecomplexity of theMCIO, andpresent

two differentheuristics(onebasedonsortingandthe

otherbasedon maximalmatching)to performeffec-

tive MCIO; and

� We evaluatetheeffectivenessof theMCIO by using

bothsyntheticworkloadsanda completelarge-scale

scientificapplication.

Both of the heuristicshave beenimplementedwithin

a runtimelibrary, andtestedusinga large-scalescientific

application.Ourpreliminaryresultsshow thatMCIO out-

performsconventionalcollective I/O by asmuchas
���	�

.

Basedon our results,we recommendfuture library de-

signersfor I/O-intensive applicationsto includeMCIO in

their suiteof optimizations.

The remainderof this paperis organizedas follows.

In thenext section,we discussrelatedwork on software-

basedI/O optimizations.In Section3, we summarizecol-

lective I/O. In Section4, we discussthe MCIO in detail,

andshow thatfindingtheoptimalaccesspatternfor MCIO

is NP-complete. In Section5, we discusstwo different

heuristicsfor determiningsuitableaccesspatterns.Sec-

tion 6 introducesour experimentalenvironmentanddis-

cussesour preliminaryresults. Finally, we concludethe

paperwith a summaryand an outline of future work in

Section7.

2 RelatedWork

In collective I/O, individual I/O requestsare combined

to createa single, big I/O requestand sent to the stor-

agesystem. As a result, the effective I/O bandwidthis
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Figure1: Overview of theMCIO.

significantlyincreased.This optimizationhasmany vari-

ants [19, 13, 22]; althoughany CIO techniquecan be

usedfor MCIO, the one usedin this study is two-phase

I/O as implementedin ROMIO, a portableimplementa-

tion of MPI-IO from ArgonneNationalLaboratories[26].

ROMIO hasbeenincorporatedinto severalMPI-libraries,

including the MPI implementationsof several vendors

(e.g.,HP, SGI,NEC) andMPICH andLAM, two widely-

used,freely available,portableMPI implementations.

Numeroustechniqueshave beenproposedin literature

to optimizeI/O accesses.Therun-timesystemoptimiza-

tions [14, 12, 6, 4, 5] arethe mostrelevant amongthese

studies. Although thesetechniquessharethe samegoal

with our work (optimizing I/O accessesat the run-time),

they try to optimizeonly a singlefile at a time.

Several researchersfocusedon implementingeasy-to-

useinterfacesthatincludeoptimizationsfor data-intensive

scientificapplications[24, 3, 22, 23]. Theseinterfacestry

to improve theI/O performancewith little input from the

user. MCIO can be employed by theseinterfaceswith

little or no modification.

Characterizingthe I/O behavior of thescientificappli-

cationshasbeenextensively studied. Cypheret al. [9]

studiedindividualparallelscientificapplications,measur-

ing temporalpatternsin I/O rates.Crandallet al. [8] per-

formedananalysisbasedon Pablo [1] on threescientific

applications.Nieuwejaaretal. [18] characterizedamix of

userprogramson Intel iPSCandCM-5. All thesestudies

implicitly motivatetheusageof MCIO by illustratingthat

multiple files areaccessedwithin a singlerun of thestud-

iedapplication.Accordingto thesestudies,thenumberof

files accessedvariesaccordingto the applicationandthe

file systemstudiedbut canbeashigh as2000.

SeveralparallelI/O APIsprovideroutinesfor accessing

multiple files with a singlecall. For example,HPSS[7]

usesthenotionof a ‘file set’ to definea collectionof files.

Thefiles in a file setcanbemanipulatedasif they consti-

tutea singlefile. Similarly, SRB[2] uses‘collections’ to

definea setof files.

3 Collective I/O

Since MCIO is an extendedform of conventional col-

lective I/O, in this sectionwe briefly review the funda-

mentalideabehindcollective I/O. In many parallel I/O-

intensiveapplicationsthataccesslarge,multidimensional,

disk-residentdatasets,the performanceof I/O accesses

dependslargelyonboththelayoutof datain files(storage

pattern) anddistributionof dataacrossprocessors(access

pattern). In caseswherestorageand accesspatternsdo

not match,allowing eachprocessorto performI/O inde-

pendentlymight causeprocessorsto issuemany I/O re-

quests,eachfor a smallamountof consecutivedata.Col-

lective I/O canimprovetheperformancein suchcasesby

first readingthedatasetin questionin a layout-conforming

(storagelayoutfriendly) manner, andthendistributingthe

dataamongtheprocessors(usingtheinter-processorcom-

municationnetwork) to obtain the target accesspattern.

Of course,in thiscase,thetotaldataaccesscostshouldbe

computedasthesumof I/O costandcommunicationcost.

Since,in I/O-intensive applications,I/O costsin general

dominatecommunicationcosts,collective I/O might lead

to largesavingsin overallexecutiontimes.

Consideran example file accesspattern (to a two-

dimensionalarray) depictedin Figure 2. In this figure,

the circlescorrespondto dataelementsandarrows indi-

catethestoragepatternof theelements.Note that in this

case,thestoragepatternis row-majorwhereastheaccess

patternis column-major. If no collective I/O technique

is used,every processormake 8 small requests(eachfor
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Figure3: File accessusingthecollective I/O.

two arrayelements)for a total of 24 small requeststo the

I/O subsystem(the numbersarefor illustrative purposes

only). Obviously, thiswill resultin apoorperformanceas

thenumberof elementsreadperI/O requestis verysmall.

Collective I/O combinesthesesmall requests,andsends

larger requeststo the I/O subsystemto improve the per-

formance.If, for example,thetwo-phaseI/O techniqueis

used,in thefirst step,theprocessorsaccessthedatausing

a row-major accesspatternwhich is compatiblewith the

(row-major) storagepatternof the array (seeFigure 3).

Note that this reducesthe numberof I/O calls as each

processorcanreadasmany consecutive dataaspossible

(limited only by availablebuffer capacity)in a singleI/O

call. In thesecondstep,theprocessorsengagein all-to-all

inter-processorcommunicationsothateachprocessorre-

ceivestheportionof arrayit originally requested(that is,

eachdataitem is deliveredto its final destination).

Several variationsof the collective I/O techniquehave

been proposedin previous research. In node group-

ing [20], nodesmaking I/O requestsarepartitionedinto

groups. Then, they take turns in performingthe I/O. In

disk-directedI/O [13], onecomputenodesendsthe col-

P1

P2

P3

P4

Figure4: An accesspatterninvolving four processorsand

eightfiles.

lectiverequestto all I/O nodes.I/O nodesoptimizetheac-

cess,performtherequest,andsendthedatadirectly back

to all computenodes.

4 Multi-Collecti ve I/O

In this section,we explain the MCIO techniquein de-

tail. ConsiderFigure4 wherefour processorsarerequest-

ing differentportionsof eightfiles. Note that, thesefiles

might containindependentdata. The problemis to read

the correspondingdataportionsfrom the corresponding

files as fast as possible. There are several methodsto

achieve this. In a naive method,we would usethe CIO

for eachof the files. For our examplein Figure 4, this

will result in 8 differentI/O calls (eachinvolving two or

threeprocessors).In this method,asthe numberof files

increase,thenumberof I/O callswill increaselinearly re-

gardlessof the numberof processorsavailable. In this

paper, we explore methodsthat improve over this naive

method.Themainideabehindthesemethodsis to assign

differentfiles to differentprocessors,therebyincreasing

theI/O parallelismavailablein thesystem.

In thenext subsection,we definetheassignmentprob-

lem of MCIO in detailandshow that this problemis NP-

complete[11]. Thereare two importantquestionsthat

needto be answered. First, how many files shouldwe

assignto eachprocessor, or vice versa?Second,oncewe

have determinedthenumberof processorsto beassigned

for eachfile, how do we decidewhich specificproces-

sor to assignfor eachfile? In the following subsections,

we try to answerthesequestions.In the restof this sec-

tion,weconcentrateontheI/O accesseswherethenumber
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of files exceedsthe numberof processors.Note that the

problemwe try to solve hereis symmetric.If thenumber

of files is larger, we try to assignfiles to processors;oth-

erwise,if the numberof processorsexceedsthe number

of files, we try to assigntheprocessorsto files. It is easy

to seethat thesetwo problemsareactuallydualsof each

other.

4.1 The AssignmentProblem

In this subsection,we first definetheassignmentproblem

in detail. Then, we show that the problemof deciding

the files to be readby a processoris NP-complete.After

this, we build a Linear Programming(LP) modelof the

problem. As we will show in the following, the assign-

mentvariablescaneitherbe 
 or � , hencethe modelwe

build is azero-oneintegerLP. Sinceit is slow to construct

andsolveanLP modelin arun-timesystem,wehavealso

developedtwo heuristicsto solve theproblem,which we

discussin thenext section.

4.1.1 Definition of the AssignmentProblem

In the assignmentproblem, � processorsare requesting

datafrom 
 differentfiles. For simplicity, we assumethat


���� . The assignmentproblemis to assigna proces-

sor for eachfile, suchthat whenprocessorsaccesstheir

assignedfiles, the overall responsetime for the requests

(total of I/O andcommunicationtimes)is minimized.We

estimatethe I/O time by the amountof dataaccessedby

a processor. Thecommunicationtime is estimatedby the

amountof datathathasto betransferedto/fromotherpro-

cessors.So, the assignmentproblemis to find the opti-

mal assignmentof the processorsto the files, suchthat�����������������	 !�#"�$���%'&��(���*) is minimized. � and$ are constantvaluesindicating the relative cost of I/O

andcommunicationin the system. ���	 !� and %'&��(��� are

the estimatedI/O andcommunicationtimesof processor+
, respectively. They are estimatedusing the following

formulas:
�,���	 !� = -�./1032 ���54 / (theamountof dataaccessedby

processor
+
)

�6%'&��(��� = - ./1072#8 9 �54 /;: ���<4 / 8 (theamountof dataac-

cessedby processor
+

subtractedfrom theamountof data

requestedby processor
+
).

In the above formulas, 9 �54 / correspondsto the amount

of datarequestedby processor
+

from file = . And, � �54 /
correspondsto theamountof datato beaccessedby pro-

cessor
+

from file = .

4.1.2 Complexity of the AssignmentProblem

In this subsection,we show that the assignmentproblem

asdefinedin theprevioussubsectionis NP-complete.We

provethatoptimizingtheI/O time (when ��> � and $?>

 ) is anNP-completeproblem.

Claim: For arbitrary numberof processors,numberof

files,andfile sizes,findingtheoptimalassignmentto min-

imize theI/O time is anNP-completeproblem.

Sketchof the Proof: We prove the NP-completenessof

the assignmentproblemusing restriction. More specifi-

cally, we show that if we cansolve the assignmentprob-

lem in polynomialtime, thenwe cansolve the multipro-

cessorschedulingproblem[11] in polynomial time, too.

Multiprocessorschedulingproblemis finding the � dis-

joint partitionsof a finite task set @ ( @ 2 , @!A , ..., @CB ),

suchthat

�D�����E� -GFIH	JLK�M5N 
PO�Q*R3S �UTV)

is minimized. Assumethat we have a solver for the as-

signmentproblemthatfindstheoptimalsolutionin poly-

nomial time. Then, given a multiprocessorscheduling

problem,we caneasilytransformthe lengthof eachtask

to a correspondingfile sizeandusetheassignmentprob-

lem solver to solve the multiprocessorschedulingprob-

lem. Hence,we wouldbeableto solveanarbitrarymulti-

processorschedulingproblemin polynomialtime. There-

fore,theassignmentproblemis NP-completein thestrong

sense,becausethe multiprocessorschedulingproblemis

NP-completein thestrongsensefor arbitrary � . W

4.2 Deciding the Number of Processors

Althoughthegeneralassignmentproblemis NP-complete

for arbitrary file sizes,for files of equalsize, it can be
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solvedin polynomialtime. In thissection,wediscusshow

the assignmentsshouldbe donein sucha case. Specifi-

cally, we try to find thenumberof processorsthatwill be

usedfor accessingeachfile. In finding this value,we use

thefollowing basicmodelfor theI/O time:

% 2 "�% A6X S*S5Y � Q �UZ +\[ N T1� S^]`_ ��a N 9 &cbed 9 &f% Nfg�g & 9 T1T

where % 2 (correspondingto constantcostsindependentof

the requestsize suchas seektime) and % A (correspond-

ing to transferrate)aresystemdependentconstantvalues.

The intuition behindthe model is that in a parallelenvi-

ronmentthe amountof datareadby eachprocessorwill

bereducedby increasingthenumberof processor. Hence

if we omit thecommunication,therewill bea decreasein

theI/O time.

Thetotal time for therequestwill bedeterminedby the

processorfor whichtheI/O timeis maximum(i.e.,theone

that completesthe last). If we assumethat the datasizes

to bereadfrom eachfile to beequalandthatwe assignh
processorsto eachfile, theresponsetime will beequalto

� X % 2 "i� X % A X S*S^Y � Q ��Z +j[ N T1� S^h T1T Eq. 1

where � is the numberof files that the slowest proces-

sor is assignedto. If the assignmentsaredonehomoge-

neouslyamongtheprocessors,then

h > Blkjm
.

where� is thenumberof processorsand 
 is thenumber

of files. So,Equation1 canbere-writtenas

� X % 2 " . m X % A X Y � Q �UZ +\[ N
For agivennumberof processorsandnumberof files,this

expressiontakesits minimum for the minimum valueof� . Sincewehaveto assignat leastoneprocessorfor each

file theminimumvaluefor � is S<
 � � T . Thatmeans,we

haveto assignonly oneprocessorto eachfile to minimize

theresponsetime. Notethat,in thenaivestrategy, several

processorsare assignedto the files, which will increase

theresponsetime accordingto our model.

If the numberof processorsis larger thanthe number

of files, thenwe have to assignonefile to eachprocessor

only (thereverseof oneprocessorfor eachfile). Thecal-

culationsaresimilar to thecalculationsgivenabove. Note

thatin thecalculations,we assumea homogeneousdistri-

bution of the files to the processors.If the file sizesare

different,this mightaffect theresponsetimesignificantly.

This caseis discussedin detail in Section4.3.

Although we have found that we have to assignone

processorto eachfile, we still have to determinewhich

processorto assignto eachfile. Our selectionof thepro-

cessorwill have a marginal effect on theI/O times,but it

will haveasignificanteffectonthecommunicationtimes.

4.3 LP Model of the AssignmentProblem

We aregiven a two-dimensionalmatrix n >po 9 �<4 /rq such

thatanentry 9 �<4 / in n givestheamountof datarequested

by processor
+

from file = . In our ILP formulation, we

would like to find theentriesof a matrix s >to � �54 / q . An

entry � �54 / indicateswhethertheprocessor
+

is assignedto

file = ( � �54 / > � ) or not ( � �<4 / > 
 ). As mentionedear-

lier, althoughour selectionof the processorfor eachfile

will not affect the I/O time, it will effect the communi-

cationtime significantly. In the following discussion,

correspondsto the numberof files to be accessed,� cor-

respondsto thenumberof processorsinvolvedandweas-

sumethat 
`�u� . So,we try to minimize

- m � 032 -v./1032L9 �54 / � S�� : ���<4 / T
This is becauseminimizing this expressionwill give us

the total amountof datato be communicated.We will

havethefollowing constraintson � �54 / :
�,���<4 /xw � 0,1) , y +{z =���<4 / is a decisionvariableandshouldbe eitherassigned

or not assigned. Hence,the LP modelof the problemis

booleanor zero-oneintegerLP.
� - m � 072 �;�54 / > � , y|=

In theprevioussection,we have foundthateachfile will

beassignedto exactly oneprocessor. Theaboveequation

correspondsto thisconstraint.If thenumberof processors

exceedsthenumberof files, this constraintbecomes
� - ./1032 ���<4 / > � , y +

resultingin eachprocessorbeingassignedto only onefile.
� -�./1032 ���<4 / > .m , y +

6



This constraintmakessurethat the assignmentsare ho-

mogeneous.It statesthat the numberof files assignedto

processor
+

equalsto . m . Here,we assumethat regardless

of the datasize readfrom the files, we are going to as-

sign samenumberof files to eachprocessor. Although

this assumptionmakesthe calculationof the assignment

variableseasier, it might decreasethe performanceif the

variancebetweenthe datasizesreadis large. In sucha

casewe canusetheconstraint

� -G./1032 S - m } 032P9 } 4 / T,�D�;�54 /�~ d , y +
which meansthat the total datato be readby eachpro-

cessorshouldapproximatelybethesame.In this expres-

sion, d correspondsto theaveragedatasizeeachproces-

sor shouldaccess.If the numberof processorsexceeds

thenumberof files, thentheconstraintbecomes

� - m � 032 � �54 / >G� / z yU=
where � / representsthe numberof processorsto be as-

signedto file = . This numbercaneasilybe found using

the amountof datareadfrom the file = andall the other

files. To calculate� / , we usethefollowing formula

� } > � � -��K����	� K<� �
-v�K���� -G�� ��� � K�� �

� processorsaredistributedaccordingto theportionof the

file = with respectto all thedataread.

Note that, in this model, the numberof variablesis

equalto (numberof processors) � (numberof files). The

above ZO-ILP model helpsus understandthe natureof

theproblem.But, we cannotusethis modelin a run-time

library to maketheprocessor-file assignments,sinceeven

thefastestLP-solverswill requireextremelylongrunning

timesto find a solution.Consequently, we developedtwo

heuristicsto solve theproblem.We discusstheseheuris-

tics in thenext section.

5 MCIO Heuristics

In this section,we explain two heuristicsfor makingthe

processor-file assignments.The first one usesa sorting

algorithmto find the assignment.The secondoneusesa

maximalmatchingsolver to make theassignments.

5.1 GreedyHeuristic

The first heuristic usessorting for making the assign-

ments.Themainideabehindtheheuristicis to assignthe

specificprocessorsto thefile, from whichthey arereading

the largestamountof data. To achieve this, we first cre-

ateanentryfor every case,whereprocessor
+

is readinga

partof file = . Then,all theseentriesaresortedaccording

to non-increasingvaluesof theamountof datatheproces-

sor
+

is readingfrom file = . As anexample,therequestlist

for thepatternshown in Figure4 is givenin Table2. This

list is formedusingtherequestsizesgivenin Table1.

The algorithm tries to pick the first elementfrom the

list andassignthe processorto the correspondingfile. If

the file hasalreadybeenassignedor if the processorhas

alreadycompletedthe numberof assignmentsit should

have (i.e. the processoris full), thenthe entry is skipped

and the next entry is checked. The algorithm continues

until we make 
 assignments.If theentriesin the list are

finishedbeforewe make 
 assignments,we maketherest

of the assignmentsrandomlyfrom the remainingproces-

sor pool. We do not have to pay attentionin this step,

becauseif the entriesarefinished,this meansthat all of

the remainingprocessorsare not readingany datafrom

the remainingfiles. Thus,we canmake the assignments

arbitrarily becauseit will not changethe amountof data

communicated.Thepseudocodeof thealgorithmis given

in Figure5. Returningto our example,the resultantas-

signmentsfor theaccessin Figure4 aregivenin Figure6.

Consequently, file 1 andfile 4 areassignedto processor

2, file 2 andfile 3 areassignedto processor1, file 5 and

file 8 areassignedto processor3, andfile 6 andfile 7 are

assignedto processor4.

The insert entry function in Figure5 insertsa new en-

try into the list with the processornumber
+
, file num-

ber = , andweight 9 �54 / . Similarly, remove entry function

deletestheentryfrom thelist thatis equalto its input pa-

rameter. After execution,thealgorithmreturnsthelist of

processor–file pairsthathavebeenassigned.
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Table1: Theamountof datarequestedby eachprocessorfrom eachfile for theaccessin Figure4. Thefilesarenamed

row-majororderstartingfrom theupperleft corner.

Processor File Numbers

Number
2 A � � � � � �2 2\�
MB

2 Ar� � MB
2 Ar� � MB ��� � MB

�
MB

�
MB

�
MB

�
MBA 2\�

MB
2 Ar� � MB

2 Ar� � MB ��� � MB
�

MB
�

MB
�

MB
�

MB� A'� � MB �r� A MB �'� A MB
2 � 2 MB �r� � MB � � � MB � � � MB �'� � MB� �

MB
�

MB
�

MB
�

MB
2��

MB
2 Ar� � MB

2 A'� � MB �r� � MB

Table2: Thelist formedfor theexampleaccessin Figure4.

Access List� 2���� A 4 � 2���� � 4 � A ��� A 4 � A ��� � 4 � � ��� � 4 � � ��� � 4 � 2����32 4 � A ���32 4 � � ��� � 4 � � ��� � 4 � � �v� � 4� � ��� � 4 � 2���� � 4 � A ��� � 4 � � ��� � 4 � � ��� � 4 � � �v� A 4 � � ��� � 4 � � ���72 4 � � ��� �

5.2 Maximal Matching Heuristic

The secondheuristic usesa maximal matchingsolver.

We have usedthe solver from the Netflow Solver Pack-

age[25]. The matchingproblemsolver inside Netflow

implementsGabow’s N-cubedweightedmatchingalgo-

rithm [10]. This programis written by Ed Rothberg. To

be able to usean existing maximalmatchingsolver, we

first needto build a graphrepresentingthe 9 �<4 / s. Then,

we needto modify the graphso that the solver givesthe

answerwe seek.

The first stepis straightforward. We build a graph �
( � , � ), where � containsa vertex for eachprocessorand

file. Morespecifically, if thereare� processorsand
 files,

thenthe graphwill have S<
 " � T vertices. The resulting

verticesfor the exampleaccessin Figure4 are given in

Figure8(a).Then,we put anedge( _ , � ) w � with weight  , whentheprocessor_ reads  bytesof datafrom file � .

Theresultinggraphis shown in Figure8(b).

Theexistingmatchingproblemsolversdonotsolvethe

exactproblemweareinterestedin. They insteadsolvethe

maximumflow problem,givenan input graph. For a bi-

partitegraph � ( � 2C¡ � A , � ) (notethat, the graphgiven

to the algorithm is bipartite), they try to find a different

vertex in � A for eachvertex in � 2 suchthat the sum of

theweightof theedgesbetweentheselectednodepairsis

maximized(i.e., theflow is maximized).If thenumberof

verticesin �¢A is largerthenthenumberof verticesin � 2 ,

thensomeof theverticesin �;A will beleft out. Similarly,

if thenumberof verticesin � 2 is largerthenthenumberof

verticesin �;A , thensomeof theverticesin � 2 will beleft

out. Therefore,onehasto make surethat the numberof

verticesfor processorsequalsto thenumberof processors

for files. We replicatethe processornodesto be ableto

make thenumberof processorverticesequalto thenum-

ber of file vertices. For eachfile node,we replicate � /
timestheprocessornodesthathave anedgeto thenode

2
.

Sincethesolverassignsonly onenodefor eachfile vertex,

it givestheresultwe arelooking for. This way, we guar-

anteethat thesolver makes 
 assignments.Theresulting

graphis given in Figure8(c). Note that, in this example,

we assumethat � / equalsto two for every file node.

Oncethegraphhasbeenconstructed,we give it to the

matchingproblemsolverasinput. Theresultof thesolver

is usedastheassignmentsbetweentheprocessorandthe

files. The assignmentsfor the replicatednodesareinter-

pretedasif they areassignmentsto theoriginalnode.The

assignmentsmadeby themaximalmatchingheuristicfor

the accessgiven in Figure4 aregiven in Figure7. Note

that,if thenumberof processorsis largerthanthenumber

of files,wereplicatethefile nodesinsteadof theprocessor

nodesso that in the final resultseveral processorsmight

beassignedto thesamefile.

£
Thecalculationof ¤c¥ is explainedin Section4.3.
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GREEDY ASSIGN (¦�§!¨L§!©'ª<« ¥ )
1. /*p is the number of processors, n is

2. the number of files, © ª<« ¥ represents

3. the amount of data read by processor i

4. from file j. */

5. begin

6. for i ¬ 0 to p do

7. for j ¬ 0 to n do

8. if ©'ª�« ¥®­¬ 0 then

9. insert entry (i, j, ©'ª<« ¥ )
10. end if

11. end for

12. end for

13. sort entries according to (last field)

14. while (!list empty) AND

15. (assignments made < n) do

16. entry = list top

17. if entry.processor full OR

18. entry.file assigned then

19. remove entry (entry)

20. else

21. assign(entry.processor,entry.file)

22. assignments made ++

23. end if

24. endwhile

25. assign the remaining files to

26. remaining processors arbitrarily

27. return ¯	°±° ¯�²'²V³�´c¨|µ·¶V¨U¸�²
28. end.

Figure5: Greedyalgorithmfor makingassignments.The

algorithm sortsthe requestsfrom processorsto files ac-

cordingto theaccesssize.Then,it triesto assignthepro-

cessorsto thefiles suchthattheresultingassignmentwill

resultin a smallcommunicationoverhead.

P3

P4

P2

P1

Figure6: The resultof the greedyheuristic. The colors

denotetheprocessorassigned.

P3

P4

P1

P2

Figure7: The resultof the maximalmatchingheuristic.

Thecolorsdenotetheprocessorassigned.

P1
P2
P3
P4

F1
F2
F3
F4
F5
F6
F7
F8

P1
P2
P3
P4

F1
F2
F3
F4
F5
F6
F7
F8

(a) (b)
P1
P2
P3
P4

F1
F2
F3
F4
F5
F6
F7
F8

(c)

P1’
P2’
P3’
P4’

Figure8: The creationof the input graphfor the match-

ing problemsolver. Theweightson theedgesareleft out

for simplicity. (a) The initial graphwith a nodefor each

processoranda file. (b) The graphwith an edgeadded

for eachcasewhereprocessori is readingdatafrom file

j. (c) Thegraphafterthereplicationof theprocessorver-

ticesto makethenumberof processorverticesandthefile

verticesto beequal.
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Table3: Platformusedin theexperiments.

Number of Processors 128(120computenodes,8 I/O nodes)

Processor Type ComputeNodes:RS/6000Model 370,

I/O Nodes:RS/6000Model 970

Clock Rate 332MHz

L1 Cache 32 KB split, 2-way set-associative

L2 Cache 256KB unified,2-way set-associative

Memory Capacity 128MB percomputenode,256MB perI/O node

Network 100Mbs Ethernet,155Mbs ATM and

800Mbs HiPPI

Disk Space 9 GB perI/O node

Operating System AIX 4.2.1

Parallel File System PIOFS

6 Experiments

In this section,we discussthe experimentalenvironment

anddiscussourpreliminaryresults.Wereportexperimen-

tal datafor bothsyntheticaccesspatternsandalarge-scale

scientificcode.

6.1 Experimental Envir onment

We usedthe MPI-2 library [17] andan IBM SP-2in Ar-

gonneNationalLaboratoriesto evaluateour schemepro-

posedin this section.Theimportantcharacteristicsof our

experimentalplatformareshown in Table3.

TheIBM SP-2usedin theexperimentshas128proces-

sors,8 of which are I/O processors.EachI/O server is

attachedto a 9 GB SSA disk, resultingin 72 GB of total

disk space. The operatingsystemon eachnodeis AIX

4.2.1. PIOFSprovidesthe parallelaccessto files. It dis-

tributesa file acrossmultiple I/O servernodes.

The MCIO calls aresimilar to MPI-IO [5] calls. For

example,to performa readoperation,theprocessorscall

the

int MCIO File read all (MPI File *fh,

int filecount, void **buf, int *count,

MPI Datatype *datatype, MPI Status

*status)

routine. Note that the syntax of the call is very simi-

lar to MPI File read all call in MPI-IO, exceptthat

MCIO routinetakesan arrayof files (similarly, an array

of buffers,an arrayof numberof elements,andan array

of datatypes)asargument.In addition,it takesaninteger

argumentfilecount indicatingthenumberof files in-

volvedin theI/O request.Eacharrayelementcorresponds

to arequestfrom adifferentfile. Without theMCIO, calls

to all the differentfiles would have resultedin a separate

MPI-IO call. In all experiments,we comparethe perfor-

manceof MCIO with thatof traditionalcollective I/O.

6.2 Resultsfor Synthetic Patterns

Figure9 givesexamplesof the accesspatternswe exper-

iment with. Two major types of experimentsare con-

ducted: row-major accessand column-majoraccess.In

a row-major access,eachprocessoraccessesconsecutive

rows of the underlyingdata. In a column-majoraccess,

the array is distributed column-wiseamongthe proces-

sors(i.e., eachprocessoraccessesa groupof consecutive

columns).For eachcategory, we experimentwith differ-

entnumberof processorsandfiles.

For all the accesspatternswe experimentedwith, we

evaluatedthe assignmentsresultingfrom the LP-model,

greedy heuristic, and the maximal matching heuristic.

Theobjectivefunctionandtheconstraintsfor theaccessin

Figure4 aregivenin AppendixA. Theassignmentsfor all

thethreemethodswerethesame.This is mainly because

of theconstantfile sizewe have usedin theexperiments.

Due to this invarianceof the results,we do not present

separateexecutiontimes for thesemethods,but discuss

theadvantagesanddisadvantagesof each.Note that, the

assignmentsof greedyalgorithmandthemaximalmatch-

ing heuristicwill differ only in their communicationtime,

not the I/O time. Therefore,thereis somedifferencebe-

tweentheresponsetimesof theassignmentsmadeby the

two heuristic.Thegreedyalgorithmis fasterto find theas-

signmentsthanthemaximalmatchingalgorithm. Hence,

in caseswherethe accesssizesfrom differentprocessors

to differentfiles are the same(similar to the accesspat-

ternsin Figure9), we recommendthe useof the greedy

algorithm. On the other hand,if the requestsizesfrom

differentfiles have a significantdifference,the maximal

matchingalgorithmalwaysgivesa bettercommunication

time. Also, if thetotalamountof datarequestedby differ-
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F1 F2 F3 F4

F5 F6 F7 F8

P1

P2

P3

P4

F1 F2 F3 F4 F5 F6 F7 F8

P1

P2

P3

P4

F9 F10 F11 F12 F13 F14 F15 F16

(a) (b)
P1 P2 P3 P4

P5 P6 P7 P8

F1

F2

F3

F4

P1 P2 P3 P4 P5 P6 P7 P8

F1

F2

F3

F4

P9 P10 P11 P12 P13 P14 P15 P16

(c) (d)

Figure9: Examplesof theexperimentedaccesspatterns:(a) Four processoraccessingdatarow-wisefrom 8 files, (b)

Four processoraccessingdatarow-wisefrom 16 files, (c) 8 processoraccessingdatacolumn-wisefrom four files, (d)

16 processoraccessingdatacolumn-wisefrom four files.

Table4: Theimprovementsfor row majoraccesses(Fig-

ure 9(a)and(b)) in [%] with respectto the naive I/O ac-

cess.

Number of Files Number of Processors

4 8 16

4 � � � � � � 2 � A1A � � � � �
8 �{A'� A{� �{�r� �1� �{�'� � 2

16 �{�'� �¹A � � � 2 A �{�'� �{�
32 �1�r� �{� � � � �1A �{�'� 2 �

ent processorshave a large variance,maximalmatching

algorithmgivesbetterperformance.Hence,in suchcases

maximalmatchingalgorithmshouldbeemployed.

In the first setof experimentsconducted,the file size

is setto 32MB, representingatwo-dimensionalmatrixof

��
�ºf» � º	
c» � floatingpointsfor thecaseof four processors

readingdatafrom four files. Therefore,the total amount

of datareadin thiscaseequalsto ��º � MB. Whenthenum-

berof files is increased,thetotal amountof dataaccessed

increaseslinearly.

Table 5: The improvementsfor column major accesses

(Figure9(c) and(d)) in [%] with respectto thenaive I/O

access.

Number of Files Number of Processors

4 8 16

4 � 2 � A1� �1�r� �1� � � � � �
8 �¹�r� � � �1�r� � � � � � A{�
16 �¹�r� A 2 �1�r� � � � � � A{�
32 �¹�r� �*� �1�r� � � � � � �{A

6.2.1 Row-Major Accesses

Theresultsfor theexperimentswith row-wiseaccesspat-

ternsaresummarizedin Table4. Thetablegivesthe im-

provementsachieved by MCIO techniquecomparedto a

naive accessusing the CIO techniquefor eachaccessed

file. The MCIO is ableto improve the responsetime in

the basecase(4 processorsreadingdatafrom 4 files) by

»�¼|½ ¼ ��� over a naive accesspattern,which performsCIO

for eachof the 4 files separately. The resultsalsoreveal

that asthe numberof processorsincreases,the improve-

mentalsoincreases.In addition,whenthenumberof files

is increased,the improvementincreases.An exception
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occurswhenthe numberof processorsis increasedfrom

8 to 16 when 4 files are accessed.The reasonfor a re-

ductionin theimprovementis thesmallparallelismavail-

ablefor this access.Notethat,when16processorsareac-

cessing4 files, eachfile is assignedto 4 processors.This

increasesthe synchronizationcost of the accessand re-

ducesthe advantagesof MCIO, which utilizes the avail-

able parallelism. Similarly, with 16 processors,thereis

an insignificantreductionin the improvementwhen the

numberof files is increasedfrom 8 to 16. Theseresults

indicatethat MCIO bringssignificantimprovementeven

in thecasewherethenumberof processorsis lessthanthe

numberof files.

6.2.2 Column-Major Accesses

Table5 summarizestheexperimentalresultsfor column-

wise accesspatterns. Although, the performanceim-

provementby MCIO is slightly lessfor column-majorac-

cesses,MCIO still bringssubstantialamountof improve-

ment of the naive CIO technique. Specifically, MCIO

is able to improve the CIO performanceby as much as� 
¢½ � º � when16 processorsarerequestingdatafrom 32

files. Similar to row-major accesses,MCIO brings bet-

ter improvementover the naive CIO performancewhen

thenumberof processorsor files areincreased.Thecase

where the numberof processorsis increasedfrom 8 to

16 for reading4 files is againanexceptionto thegeneral

trend.

6.3 Resultsfor a Scientific Application

We have alsoappliedtheMCIO techniqueto improvethe

I/O performanceof theastro3d [15] application.Table6

shows the resultsfor this three-dimensionalastrophysics

application.Astro3daccessessix differentvariablesfrom

a singlefile. In the original application,this corresponds

to six differentcollective I/O calls. Using MCIO, same

datacanbe accessedusinga singlecall, therebythe par-

allelismin thesystemis betterutilized. For » processors,

this resultsin a reductionof theI/O time by ¾ � ½ ¿�º � . For�
processors,the improvementof MCIO over traditional

collective I/O increasesto À�ºU½ ¼	À � .

Table6: Total I/O times(in seconds)for astro3dapplica-

tion (Datasetsizeis 8 MB).

4 processors 8 processors

Collective I/O ÁIÂ ÁVÁ ÁIÂ ÃIÄ
MCIO ÅIÂ Æ¹Ç ÄVÂ ÁVÆ

To summarize,theseresultsshow that theMCIO strat-

egy brings significant amount of improvement over a

naiveCIO accessmethod.Specifically, weareableto im-

provetheresponsetime by asmuchas
��� ½�� ��� .

7 Conclusionsand Futur e Work

In this paper, we have introducedan I/O optimization

techniquecalledmulti-collectiveI/O. As thegapbetween

theperformanceof theprocessorandthestoragesubsys-

tem increases,moreaggressive optimizationsareneeded

to be able to feedthe processorwith enoughdata. Sev-

eralscientificapplicationsexhibit poorstorageaccesspat-

terns,andhenceoptimizationslike MCIO canbring sig-

nificantimprovementin theexecutiontime of suchappli-

cations.

Wehavefirst shown thatfindingtheoptimalaccesspat-

ternin MCIO is anNP-completeproblem.Then,we have

presentedtwo heuristicsto perform this task: a greedy

algorithm that usessorting and a graph algorithm that

usesa matchingproblemsolver. Then, using synthetic

benchmarksanda scientificapplication,we have shown

thatMCIO canbring substantialamountof improvement

in the I/O responsetime over a collective I/O technique.

Specifically, MCIO wasableto improvetheresponsetime

by asmuchas
��� ½�� ��� .

Our currentwork focuseson usingthe schedulingob-

tainedthroughour approachin developingpowerful I/O

prefetchingtechniques. Also in our agendais evaluat-

ing the effectivenessof MCIO in a sub-file basedenvi-

ronment.We alsoplan to designandimplementan opti-

mizing compilerframework for generatingI/O-optimized

codeautomaticallyusingtheMCIO interfaceprovidedby

our runtimelibrary. Sucha compilerwill relieve applica-
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tion developersfrom low-level detailsof file systemsand

runtimelibraries,andlet themfocusinsteadonhigh-level

(application-specific)aspectsof their codes.
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APPENDIX A An ExampleLP Model

Ee give the LP modelfor the accessin Figure4 andalso

presenttheresultof thesolver. We have usedtheCPLEX

astheLP-solver, hencethemodelandtheresultsaregiven

usingtheCPLEX format.TheLP-modelis asfollows:

minimize

M

subject to

c1: x1 1 + x2 1 + x3 1 + x4 1 = 1

c2: x1 2 + x2 2 + x3 2 + x4 2 = 1

c3: x1 3 + x2 3 + x3 3 + x4 3 = 1

c4: x1 4 + x2 4 + x3 4 + x4 4 = 1

c5: x1 5 + x2 5 + x3 5 + x4 5 = 1

c6: x1 6 + x2 6 + x3 6 + x4 6 = 1

c7: x1 7 + x2 7 + x3 7 + x4 7 = 1

c8: x1 8 + x2 8 + x3 8 + x4 8 = 1

c9: x1 1 + x1 2 + x1 3 + x1 4 + x1 5 +

x1 6 + x1 7 +x1 8 = 2

c10: x2 1 + x2 2 + x2 3 + x2 4 + x2 5 +

x2 6 + x2 7 + x2 8 = 2

c11: x3 1 + x3 2 + x3 3 + x3 4 + x3 5 +

x3 6 + x3 7 + x3 8 = 2

c12: x4 1 + x4 2 + x4 3 + x4 4 + x4 5 +

x4 6 + x4 7 + x4 8 = 2

c13: M + 10x1 1 + 12x1 2 + 12x1 3 +

5x1 4 + 10x2 1 + 12x2 2 + 12x2 3 + 5x2 4

+ 2x3 1 + 3x3 2 + 3x3 3 + 2x3 4 + 7x3 5

+ 9x3 6 + 9x3 7 + 3x3 8 + 10x4 5 +

12x4 6 + 12x4 7 + 5x4 8 = 155

binary

x1 1 x1 2 x1 3 x1 4 x1 5 x1 6 x1 7 x1 8

x2 1 x2 2 x2 3 x2 4 x2 5 x2 6 x2 7 x2 8

x3 1 x3 2 x3 3 x3 4 x3 5 x3 6 x3 7 x3 8

x4 1 x4 2 x4 3 x4 4 x4 5 x4 6 x4 7 x1 8

end

Note that, we have roundedthe requestsizes(c13)

from Table1. In the above model, È;É5Ê Ë ’s aredenotedby

È;Ì Í and Î is the objective function. The first 8 con-

straintscorrespondto the Ï�ÐÉ�Ñ7Ò È É5Ê ËGÓÕÔ constraintin

Section4.3. Constraints9 through12 correspondto the

Ï�ÖË1Ñ3Ò È É<Ê Ë×Ó ÖÐ constraintwhich guaranteeshomoge-

neousdistribution of thefiles amongprocessors.

Theresultfor theabovemodelis asfollows:
Variable Name Solution Value

M 82.000000

x2 1 1.000000

x2 2 1.000000

x1 3 1.000000

x1 4 1.000000

x3 5 1.000000

x4 6 1.000000

x4 7 1.000000

x3 8 1.000000
All other variables in the range 1-33

are zero.

The value of Ø�Ù for M is the optimal communication

thatcanbeachieved. ThevariablesÈ�Ú Ê Ò , È;Ú Ê Ú , È ÒVÊ Û , È Ò¹Ê Ü ,
È Û'Ê Ý , È ÜrÊ Þ , È ÜrÊ ß , and È Û'Ê à are Ô . The remainingvariables

are zero. Note that, this assignmentis the sameas the

maximalmatchingheuristichasmade,which is shown in

Figure7.
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