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Abstract

This paper introduces a new concept called Multi-
Collective I/O (MCIO) that extendscorventionalcollec-
tive /O to optimizel/O accesse® multiple arrayssimul-
taneously In this approachasin collective I/0, multiple
processorgo-ordinateto perform|/O on behalfof each
otherif doingsoimprovesoveralll/O time. However, un-
likecollectivel/O, MCIO considersnultiple arrayssimul-
taneouslythatis, it hasa moreglobalview of the overall
I/O behavior exhibited by application. This papershavs
that determiningoptimal MCIO accesgatternis an NP-
completeproblem,and proposedwo differentheuristics
for the accesgatterndetectionproblem(also called the
assignmenproblem).

Both of the heuristicshave beenimplementedwithin
aruntimelibrary, andtestedusinga large-scalescientific
application.Our preliminaryresultsshov thatMCIO out-
performscollective /0O by asmuchas87%. Our runtime
library-basedmplementatiorcanbeusedby usersaswell
asoptimizingcompilers.Basedon our results we recom-
mendfuture library designerdor I/O-intensive applica-
tionsto includeMCIO in their suiteof optimizations.

1 Intr oduction

Significantstridesmadein microprocessoperformances
in the last decadehave increasedhe importanceof opti-
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mizing /0O performance.While a highly-optimized!l/O
platform/hardvareis a mustfor optimall/O, softwareop-
timizationscanalsoplay a significantrole. Thisis partic-
ularly truefor aclassof large-scalescientificapplications
whoseaccespatternsanbeanalyzedyy users/compilers
and optimized for the bestl/O performance. Previous
work hasattacled this growing I/O problemat the oper
atingsystem runtimelibraries,compilersandapplication
levels. One of the major characteristicof most of the
previous approacheso 1/O is that they attemptto opti-
mize 1/0 accesyatternfor a single datastructure(e.g.,
disk-residentarray) at a time. While this approachcan
be usefulfor someapplicationswe believe thatconsider
ing the interactionsbetweendifferentdatastructuresma-
nipulatedby the sameapplicationopensnew opportuni-
tiesfor optimization. For example,consideringaccesses
to multiple arraysmanipulatedoy an applicationcanen-
ableinter-array optimizationssuchas co-locatingarrays
in disk spaceor performingprefetchingbasedon history
of arrayaccesses.

This paperintroducesa new conceptcalled Multi-
Collective I/O (MCIO) that extendscorventionalcollec-
tive I/O (CIO) to optimize I/O accesseso multiple ar-
rayssimultaneouslyin thisapproachasin collective /O,
multiple processorgo-ordinateto performl/O on behalf
of eachotherif doingsoimprovesoverallI/O time. How-
ever, unlike collective /0, MCIO consideranultiple ar-
rayssimultaneouslythatis, it hasa moreglobalview of
theoverall /O behaior exhibitedby application.This pa-
pershaws thatdeterminingoptimal MCIO accesgpattern
is an NP-completeproblem, and proposegwo different
heuristicsfor the accesgatterndetectionproblem (also



calledtheassignmenproblem).

Figure 1 highlightsthe differencebetweenMCIO and
traditional collective 1/0. In MCIO, we optimizethe ac-
cessedrom multiple processorgo multiple files taking
into accountthe inter-file accesgatterns.In CIO, onthe
other hand,accesse$o a single file from different pro-
cessorarecombinedto a singleandlargerl/O requesto
improve the requesttime. In MCIO, accessefrom sev-
eral processorgo several files are combinedto increase
theefficiency.

MCIO mightbeveryusefulin anumberof casesMany
large-scalescientificapplicationsaccessnultiplefilesin a
singlerun. Severalof theseapplicationgenerateseparate
files for the simulatedvalues. This forcesthe application
to accesgdatafrom multiple files to gatherthe required
information. A simple analysisof the coderevealsthis
information,which canbe usedby the MCIO. MCIO can
alsobe utilized whendatafor differentvariablesare ac-
cessedrom a singlefile. For example,asto3d[15], the
scientificapplicationwe have usedin this study accesses
six differentvariablesfrom a singlefile. Thesevariables
arestoredin separatduffers,hencesix differentl/O calls
have to be performedto accesshe informationrequired
by the application. MCIO can be utilized in this case.
Note that, accessinglifferentvariablesfrom a singlefile
is not a separatgroblem,it is just a specialcasefor the
processofile configurationin MCIO. Most of the scien-
tific applicationgall eitherin thefirst (accessingnultiple
filesin a singlerun) or into the second(performingcon-
secutve I/O callsto a singlefile to accesglifferentvari-
ables)category. Therefore,alarge majority of the large-
scalescientificapplicationscaneffectively utilize MCIO.

Anotherusageof MCIO is relatedto sub-filing. Memik
etal. [16] usessub-filingfor optimizingrandomaccesses
to thetape-residinglata.In thisframeawork, alargeglobal
file is storedasseveralindependenso calledsub-files.In
general,eachaccesgo the globalfile might involve ses-
eralsub-files.In otherwords,an accesgo the globalfile
bringsonly the smallestsubsef sub-files(from tapeto
disk) that (collectively) containthe requireddataportion.
This not only reduceghe effective latengy obsenedfrom
the tapedevice, but alsoallows customizednanagement

of individual sub-filesacrossstoragehierarchydepending
on datareuse. MCIO canbe utilized to accesdatathat
hasbeenbroughtto the disks.

In this paper we make the following major contritu-
tions:

e We introducethe MCIO techniquethat improves
over the currentstate-of-theart collective I/O tech-
nique;

We discusghe compleity of theMCIO, andpresent
two differentheuristic§onebasedn sortingandthe
otherbasedon maximalmatching)to performeffec-
tive MCIO; and

We evaluatethe effectivenessof the MCIO by using
both syntheticworkloadsanda completelarge-scale
scientificapplication.

Both of the heuristicshave beenimplementedwithin
aruntimelibrary, andtestedusinga large-scalescientific
application.Our preliminaryresultsshav thatMCIO out-
performscornventionalcollective I/O by asmuchas87%.
Basedon our results,we recommenduture library de-
signersfor 1/0-intensive applicationgo includeMCIO in
their suiteof optimizations.

The remainderof this paperis organizedas follows.
In the next section,we discussrelatedwork on software-
based/O optimizations.In Section3, we summarizecol-
lective I/0O. In Section4, we discussthe MCIO in detail,
andshaw thatfindingtheoptimalaccesgatternfor MCIO
is NP-complete. In Section5, we discusstwo different
heuristicsfor determiningsuitableaccesgatterns. Sec-
tion 6 introducesour experimentalervironmentanddis-
cusseur preliminary results. Finally, we concludethe
paperwith a summaryand an outline of future work in
Section?.

2 RelatedWork

In collective I/O, individual I/O requestsare combined
to createa single, big I/O requestand sentto the stor
agesystem. As a result, the effective I/0 bandwidthis
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Figurel: Overview of theMCIO.

significantlyincreasedThis optimizationhasmary vari-
ants[19, 13, 22]; althoughary CIO techniquecan be
usedfor MCIO, the oneusedin this studyis two-phase
I/0 asimplementedn ROMIO, a portableimplementa-
tion of MPI-10 from ArgonneNationalLaboratorie$26].
ROMIO hasbeenincorporatednto severalMPI-libraries,
including the MPI implementationsof several vendors
(e.g.,HP, SGI,NEC)andMPICH andLAM, two widely-
used freely available,portableMPI implementations.

Numerougechniquesave beenproposedn literature
to optimizel/O accessesThe run-time systemoptimiza-
tions[14, 12, 6, 4, 5] arethe mostrelevantamongthese
studies. Although thesetechniquessharethe samegoal
with our work (optimizing I/O accesseat the run-time),
they try to optimizeonly asinglefile atatime.

Several researcherfocusedon implementingeasy-to-
useinterfaceghatincludeoptimizationgor data-intensie
scientificapplicationd24, 3, 22, 23]. Thesenterfacegry
to improve thel/O performancewith little input from the
user MCIO canbe employed by theseinterfaceswith
little or no modification.

Characterizinghe I/O behavior of the scientificappli-
cationshasbeenextensvely studied. Cypheret al. [9]
studiedindividual parallelscientificapplicationsmeasur
ing temporalpatterngn I/O rates.Crandalletal. [8] per
formedan analysisbasedon Pablo[1] on threescientific
applicationsNieuwejaaretal.[18] characterized mix of
userprogramson Intel iPSCandCM-5. All thesestudies
implicitly motivatetheusageof MCIO by illustratingthat

multiple files areaccessewithin a singlerun of the stud-
ied application.Accordingto thesestudiesthe numberof
files accessedariesaccordingto the applicationandthe
file systemstudiedbut canbe ashigh as2000.

Severalparallell/O APIs provideroutinesfor accessing
multiple files with a single call. For example,HPSS[7]
useghenotionof a‘file set’to definea collectionof files.
Thefilesin afile setcanbe manipulatedasif they consti-
tutea singlefile. Similarly, SRB[2] usescollections’to
definea setof files.

3 Collectivel/O

Since MCIO is an extendedform of corventional col-
lective I/O, in this sectionwe briefly review the funda-
mentalideabehindcollective I/O. In mary parallel I/O-
intensiveapplicationghataccessarge, multidimensional,
disk-residentdatasetsthe performanceof 1/0 accesses
dependsargely on boththelayoutof datain files (storage
patterr) anddistribution of dataacrosgprocessorgaccess
patterr). In caseswherestorageand accesgatternsdo
not match,allowing eachprocessoto performl/O inde-
pendentlymight causeprocessorso issuemary 1/O re-
guestsgachfor a smallamountof consecutie data.Col-
lective I/O canimprove the performancen suchcasedy
firstreadingthedatasein questiorin alayout-conforming
(storagdayoutfriendly) mannerandthendistributing the
dataamongtheprocessorgusingtheinter-processocom-
municationnetwork) to obtainthe target accesattern.
Of coursejn thiscasethetotal dataaccesostshouldbe
computedasthesumof I/O costandcommunicatiorcost.
Since,in 1/O-intensie applications /O costsin general
dominatecommunicatiorcosts,collective I/O mightlead
to largesavingsin overall executiontimes.

Consideran example file accesspattern (to a two-
dimensionalarray) depictedin Figure 2. In this figure,
the circlescorrespondo dataelementsandarrows indi-
catethe storagepatternof the elements.Notethatin this
case the storagepatternis row-majorwhereaghe access
patternis column-major If no collective I/O technique
is used,every processomake 8 smallrequestgeachfor
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Figure3: File accesssingthecollective I/0.

two arrayelements¥or atotal of 24 smallrequestgo the
I/O subsysten{the numbersarefor illustrative purposes
only). Obviously, thiswill resultin apoorperformances
thenumberof elementseadperl/O requests very small.
Collective I/O combinesthesesmall requestsand sends
larger requestgo the I/O subsystento improve the per
formance.lf, for example thetwo-phasd/O techniquds
used,in thefirst step,theprocessoraccesshe datausing
a row-major accesgatternwhich is compatiblewith the
(row-major) storagepatternof the array (seeFigure 3).
Note that this reducesthe numberof 1/0O calls as each
processocanreadasmary consecutie dataaspossible
(limited only by availablebuffer capacity)in a singlel/O
call. In thesecondstep,the processorgngagen all-to-all
inter-processocommunicatiorso thateachprocessore-
ceivesthe portion of arrayit originally requestedthatis,
eachdataitemis deliveredto its final destination).
Several variationsof the collective I/O techniquehave
been proposedin previous research. In node group-
ing [20], nodesmaking I/O requestsare partitionedinto
groups. Then, they take turnsin performingthe I/O. In
disk-directedl/O [13], one computenodesendsthe col-

P1

P4

Figure4: An accesgatterninvolving four processorand
eightfiles.

lectiverequesto all I/0 nodes /O nodesoptimizetheac-
cess performtherequestandsendthe datadirectly back
to all computenodes.

4 Multi-Collecti ve l/O

In this section,we explain the MCIO techniquein de-
tail. ConsiderFigure4 wherefour processorarerequest-
ing differentportionsof eightfiles. Note that, thesefiles
might containindependentlata. The problemis to read
the correspondinglataportionsfrom the corresponding
files as fast as possible. There are seseral methodsto
achieve this. In a naive method,we would usethe CIO
for eachof the files. For our examplein Figure 4, this
will resultin 8 differentl/O calls (eachinvolving two or
threeprocessors)ln this method,asthe numberof files
increasethe numberof I/O callswill increasdinearly re-
gardlessof the numberof processorsvailable. In this
paper we explore methodsthat improve over this naive
method.The mainideabehindthesemethodss to assign
differentfiles to differentprocessorstherebyincreasing
thel/O parallelismavailablein the system.

In the next subsectionye definethe assignmenprob-
lem of MCIO in detailandshow thatthis problemis NP-
complete[11]. Thereare two importantquestionsthat
needto be answered. First, how mary files shouldwe
assignto eachprocessaror vice versa?Secondpncewe
have determinedhe numberof processorso be assigned
for eachfile, how do we decidewhich specificproces-
sorto assignfor eachfile? In the following subsections,
we try to answerthesequestions.In the restof this sec-
tion, we concentratenthel/O accessewherethenumber



of files exceedsthe numberof processorsNote thatthe
problemwe try to solve hereis symmetric.If thenumber
of filesis larger, we try to assignfiles to processorsoth-
erwise, if the numberof processor&xceedsthe number
of files, we try to assignthe processorso files. It is easy
to seethatthesetwo problemsareactuallydualsof each
other

4.1 The AssignmentProblem

In this subsectionwe first definethe assignmenproblem
in detail. Then, we shav that the problemof deciding
thefiles to bereadby a processors NP-complete After

this, we build a Linear Programming(LP) model of the
problem. As we will shawv in the following, the assign-
mentvariablescaneitherbe 0 or 1, hencethe modelwe

build is azero-ondntegerLP. Sinceit is slow to construct
andsolve anLP modelin arun-timesystemwe have also
developedtwo heuristicsto solve the problem,which we

discussn thenext section.

4.1.1 Definition of the AssignmentProblem

In the assignmenproblem,p processorsare requesting
datafrom n, differentfiles. For simplicity, we assumeahat
n > p. The assignmenproblemis to assigna proces-
sor for eachfile, suchthatwhen processoraccesgheir
assignediles, the overall responsdime for the requests
(total of I/O andcommunicatiortimes)is minimized.We
estimatethe 1/0 time by the amountof dataaccessedy
aprocessarThe communicatiortime is estimatedy the
amountof datathathasto betransferedo/fromotherpro-
cessors.So, the assignmenproblemis to find the opti-
mal assignmenbf the processordo the files, suchthat
maz;{a x I/0; + B x comm;} is minimized. a and
B are constantvaluesindicating the relative costof 1/0
andcommunicatiorin the system.I/O; andcomm, are
the estimated/O andcommunicatiortimes of processor
i, respectiely. They are estimatedusing the following
formulas:
©I/0i=31 ai;
processof)

(theamountof dataaccessetly

e comm; =35, |rij—a;;|  (theamountof dataac-
cessedy processoi subtractedrom theamountof data
requestedby processos).

In the above formulas,r; ; correspondso the amount
of datarequestedy processoti from file j. And, a; ;
correspondso the amountof datato be accessetby pro-
cessor fromfile j.

4.1.2 Complexity of the AssignmentProblem

In this subsectionwe shov thatthe assignmenproblem
asdefinedin the previous subsections NP-completeWe
prove thatoptimizingthel/O time (whena = 1 andg =
0) is anNP-completeproblem.

Claim: For arbitrary numberof processorspnumber of
files,andfile sizesfindingtheoptimalassignmento min-
imize thel/O time is anNP-completeproblem.

Sketch of the Proof: We prove the NP-completenessf
the assignmenproblemusing restriction. More specifi-
cally, we shav thatif we cansolve the assignmenprob-
lemin polynomialtime, thenwe cansolve the multipro-

cessorschedulingproblem[11] in polynomialtime, too.
Multiprocessorschedulingproblemis finding the m dis-
joint partitionsof a finite taskset A (A1, As, ..., Ap),
suchthat

maz; {Y_,cq, length(a)}

is minimized. Assumethat we have a solver for the as-
signmentproblemthatfindsthe optimal solutionin poly-

nomial time. Then, given a multiprocessorscheduling
problem,we caneasilytransformthe lengthof eachtask
to a correspondindile sizeandusethe assignmenprob-

lem solver to solve the multiprocessoischedulingprob-

lem. Hence we would be ableto solve anarbitrarymulti-

processoschedulingoroblemin polynomialtime. There-
fore,theassignmenproblemis NP-completén thestrong
sensepecausehe multiprocessoschedulingproblemis

NP-completén the strongsensdor arbitrarym. O

4.2 Decidingthe Number of Processors

Althoughthegenerabssignmenproblemis NP-complete
for arbitraryfile sizes,for files of equalsize, it canbe



solvedin polynomialtime. In this sectionwe discusshow
the assignmentshouldbe donein sucha case. Specifi-
cally, we try to find the numberof processorshatwill be
usedfor accessingachfile. In finding this value,we use
thefollowing basicmodelfor the /O time:

¢1 + ¢ x ((DataSize) /(Number of Processor))

wherec; (correspondingo constantostsindependentf
the requestsize suchas seektime) and ¢, (correspond-
ing to transferrate)aresystemdependentonstantwalues.
The intuition behindthe modelis thatin a parallelenvi-
ronmentthe amountof datareadby eachprocessomill
bereducedy increasinghe numberof processarHence
if we omit thecommunicationtherewill beadecreasén
thel/O time.

Thetotaltime for therequeswill bedeterminedy the
processofor whichthel/O timeis maximum(i.e.,theone
thatcompleteghelast). If we assumeahatthe datasizes
to bereadfrom eachfile to be equalandthatwe assignk
processorto eachfile, theresponsé¢ime will be equalto

m ¢y +m*cp x ((DataSize)/(k)) Eq.1

wherem is the numberof files that the slowestproces-
soris assignedo. If the assignmentaredonehomoge-
neouslyamongthe processorghen

— m*p
k= n

wherep is the numberof processorandn is the number
of files. So,Equationl canbere-writtenas

m*cy + % * cp * DataSize

For agivennumberof processorandnumberof files, this
expressiontakesits minimum for the minimum value of
m. Sincewe haveto assigratleastoneprocessofor each
file theminimumvaluefor m is (n / p). Thatmeanswe
have to assignonly oneprocessoto eachfile to minimize
theresponsdime. Notethat,in the naive stratayy, several
processorare assignedo the files, which will increase
theresponsé¢ime accordingto our model.

If the numberof processorss larger thanthe number
of files, thenwe have to assignonefile to eachprocessor

only (thereverseof oneprocessofor eachfile). Thecal-
culationsaresimilarto thecalculationgjivenabove. Note
thatin the calculationswe assumehomogeneoudistri-
bution of thefiles to the processorslf thefile sizesare
different,this might affecttheresponseime significantly
This caseis discussedh detailin Section4.3.

Although we have found that we have to assignone
processoto eachfile, we still have to determinewhich
processoto assignto eachfile. Our selectionof the pro-
cessowill have a maminal effect on the I/O times,but it
will have asignificanteffectonthecommunicatiortimes.

4.3 LP Model of the AssignmentProblem

We are given a two-dimensionamatrix R = [r; ;] such
thatanentryr; ; in R givestheamountof datarequested
by processor from file j. In our ILP formulation, we
would like to find the entriesof a matrix X = [z; ;]. An
entryz; ; indicateswhetherthe processog is assignedo
file j (z;; = 1) ornot(z;; = 0). As mentionedear
lier, althoughour selectionof the processofor eachfile
will not affect the I/O time, it will effect the communi-
cationtime significantly In the following discussionn
correspondso the numberof files to be accessedy cor
respondso the numberof processorfvolvedandwe as-
sumethatn > p. So,we try to minimize

f:1 E;:l

This is becauseminimizing this expressionwill give us

rij X (1= i)

the total amountof datato be communicated. We will
have thefollowing constraint®on z; ;:
ez;; € {01}, Vi,j
z; ; is a decisionvariableand shouldbe eitherassigned
or not assigned Hence,the LP modelof the problemis
booleanor zero-ondntegerLP.
o> iy =1, Vj
In the previous section,we have found thateachfile will
beassignedo exactly oneprocessarTheabove equation
correspondso thisconstraintIf thenumberof processors
exceedghe numberof files, this constraintbecomes
o> Tiy=1 Vi
resultingin eachprocessobeingassignedo only onefile.

n L. =n )
X iwiy =B Vi



This constraintmakes surethat the assignmentsre ho-
mogeneouslt statesthatthe numberof files assignedo

processoi equalsto % Here,we assumehatregardless

of the datasize readfrom the files, we are going to as-
sign samenumberof files to eachprocessar Although

5.1 GreedyHeuristic

The first heuristic usessorting for making the assign-
ments.The mainideabehindthe heuristicis to assignthe

variableseasier it might decreasehe performancef the
variancebetweenthe datasizesreadis large. In sucha
casewe canusetheconstraint

o> (ki Thg) X Tiy <P, Vi
which meansthat the total datato be readby eachpro-
cessorshouldapproximatelybe the same.In this expres-
sion, P corresponds$o the averagedatasizeeachproces-
sor shouldaccess.If the numberof processor&xceeds
thenumberof files, thenthe constraintbecomes

o> i1 wij=Fj Vi
where F; representshe numberof processorgo be as-
signedto file j. This numbercaneasily be found using
the amountof datareadfrom thefile j andall the other
files. To calculateF;, we usethefollowing formula

p

. Tik
Fi = p x 2t
i=1 j=1

p processoraredistributedaccordingo theportionof the
file 5 with respecto all thedataread.

Ti,j

Note that, in this model, the numberof variablesis
equalto (humberof processos) x (numberof files). The
above ZO-ILP model helpsus understandhe natureof
the problem.But, we cannotusethis modelin arun-time
library to make the processoffile assignmentssinceeven
thefastesLP-solverswill requireextremelylong running
timesto find a solution. Consequentlywe developedtwo
heuristicsto solve the problem. We discussheseheuris-
ticsin the next section.

5 MCIO Heuristics

In this section,we explain two heuristicsfor makingthe
processofile assignments.The first one usesa sorting
algorithmto find the assignmentThe secondone usesa
maximalmatchingsolver to make theassignments.

the largestamountof data. To achieve this, we first cre-
ateanentryfor every casewhereprocessoi is readinga
partof file j. Then,all theseentriesaresortedaccording
to non-increasingaluesof theamountof datathe proces-
sori isreadingfrom file j. As anexample therequestist

for thepatternshown in Figure4 is givenin Table2. This

list is formedusingtherequesskizesgivenin Tablel.

The algorithmtries to pick the first elementfrom the
list andassignthe processoto the correspondindile. If
thefile hasalreadybeenassignedr if the processohas
alreadycompletedthe numberof assignments#t should
have (i.e. the processois full), thenthe entryis skipped
andthe next entry is checled. The algorithm continues
until we make n assignmentslf the entriesin thelist are
finishedbeforewe make n assignmentsye make therest
of the assignmentsandomlyfrom the remainingproces-
sor pool. We do not have to pay attentionin this step,
becauséf the entriesarefinished,this meansthatall of
the remainingprocessorsare not readingary datafrom
the remainingfiles. Thus,we canmalke the assignments
arbitrarily becauset will not changethe amountof data
communicatedThepseudaodeof thealgorithmis given
in Figure5. Returningto our example,the resultantas-
signmentdor theaccess$n Figure4 aregivenin Figure6.
Consequentlyfile 1 andfile 4 areassignedo processor
2, file 2 andfile 3 areassignedo processod, file 5 and
file 8 areassignedo processoB, andfile 6 andfile 7 are
assignedo processod.

Theinsertentry functionin Figure5 insertsa new en-
try into the list with the processomumbers, file num-
ber j, andweightr; ;. Similarly, remove_entry function
deletegheentryfrom thelist thatis equalto its input pa-
rameter After execution,the algorithmreturnsthelist of
processo#file pairsthathave beenassigned.



Tablel1: Theamountof datarequestedy eachprocessofrom eachfile for theaccessn Figure4. Thefilesarenamed

row-majororderstartingfrom the upperleft corner

Processor File Nunbers
Nurber 1 2 3 4 5 6 7 8
1 10 MB 12.8 MB | 12.8MB | 4.4 MB 0 MB 0 MB 0 MB 0 MB
2 10 MB 12.8 MB | 12.8MB | 4.4 MB 0 MB 0 MB 0 MB 0 MB
3 2.5 MB 3.2 MB 3.2 MB 1.1 MB 7.5 MB 9.6 MB 9.6 MB 3.3 MB
4 0 MB 0MB 0 MB 0 MB 10 MB 12.8MB | 12.8 MB | 4.4 MB

Table2: Thelist formedfor the exampleaccessn Figure4.

Access Li st

Pl —» F2,P1 —» F3,P2 - F2,P2 - F3,P4 - F6,P4 —» F7,P1 - F1,P2 — F1,P4 — F5, P3 — F6,P3 — F17,
P3 — F5,P1 — F4,P2 — F4,P4 — F8,P3 — F8,P3 — F2,P3 — F3,P3 — F1,P3 — F4

5.2 Maximal Matching Heuristic

The secondheuristic usesa maximal matching solver.
We have usedthe solver from the Netflow Solver Pack-
age[25]. The matchingproblemsolver inside Netflow
implementsGabav's N-cubedweightedmatchingalgo-
rithm [10]. This programis written by Ed Rothbeg. To
be ableto usean existing maximal matchingsolver, we
first needto build a graphrepresentinghe r; js. Then,
we needto modify the graphso thatthe solver givesthe
answeiwe seek.

Thefirst stepis straightforvard. We build a graphG
(V, E), whereV containsavertex for eachprocessoand
file. More specificallyif therearep processorandn files,
thenthe graphwill have (n + p) vertices. The resulting
verticesfor the exampleaccessn Figure4 are givenin
Figure8(a). Then,we putanedge(u, v) € E with weight
w, whenthe processow readsw bytesof datafrom file v.
Theresultinggraphis shovn in Figure8(b).

Theexisting matchingproblemsolversdo not solve the
exactproblemwe areinterestedn. They insteadsolvethe
maximumflow problem,givenan input graph. For a bi-
partitegraphG (V1 |J V2, E) (notethat, the graphgiven
to the algorithmis bipartite), they try to find a different
vertex in V5 for eachvertex in V; suchthat the sum of
theweightof theedgesetweerthe selectedhodepairsis
maximized(i.e.,theflow is maximized).If the numberof
verticesin V; is largerthenthe numberof verticesin v,

thensomeof theverticesin V5 will beleft out. Similarly,
if thenumberof verticesin V; is largerthenthe numberof
verticesin V5, thensomeof theverticesin 74 will beleft
out. Therefore,onehasto make surethatthe numberof
verticesfor processorgqualso the numberof processors
for files. We replicatethe processonodesto be ableto
make the numberof processowerticesequalto the num-
ber of file vertices. For eachfile node,we replicate F;
timesthe processonodesthathave anedgeto the nodée.
Sincethesolverassign®nly onenodefor eachfile vertex,
it givestheresultwe arelooking for. This way, we guar
anteethatthe solver makesn assignmentsTheresulting
graphis givenin Figure8(c). Notethat,in this example,
we assuméhat F; equalgto two for everyfile node.

Oncethe graphhasbeenconstructedwe give it to the
matchingproblemsolverasinput. Theresultof thesolver
is usedasthe assignmentbetweerthe processoandthe
files. The assignmentsor the replicatednodesareinter-
pretedasif they areassignmento theoriginalnode.The
assignmentsmadeby the maximalmatchingheuristicfor
the accesgivenin Figure4 aregivenin Figure7. Note
that,if thenumberof processorss largerthanthenumber
of files,wereplicatethefile nodesnsteadf theprocessor
nodesso thatin the final resultseveral processorsnight
beassignedo thesaméfile.

1 The calculationof Fj is explainedin Section4.3.



GREEDY_ASSI GN (p, n, ri,;)

1. /*p is the nunber of processors, nis
2. the nunber of files, r;; represents

3. the amount of data read by processor i
4. fromfile j. */

5. begin

6. for i=0 to p do

7. for j =0 to n do

8. if r;,; # 0 then

9. insert_entry (i, j, rij)

10. end if

11. end for

12. end for

13. sort_entries_accordingto (last_field)
14. while (!1ist enpty) AND

15. (assi gnnents_made < n) do

16. entry = list_top

17. if entry.processor full OR

18. entry.file assigned then

19. renove_entry (entry)

20. else

21. assign(entry. processor, entry.
22. assi gnnent s_nmade ++

23. endif

24. endwhile

25. assign the renaining files to

26. remmi ning processors arbitrarily
27. return all_assignments

28. end.

Figure5: Greedyalgorithmfor makingassignmen
algorithm sortsthe requestfrom processorgo file

cordingto theaccessize. Then,it triesto assignthe pro-

cessorgo thefiles suchthattheresultingassignmenvill
resultin asmallcommunicatioroverhead.

| P4 I

Figure6: The resultof the greedyheuristic. The colors
denotethe processoassigned.

H

Figure 7: The resultof the maximal matchingheuristic.
Thecolorsdenotethe processonssigned.
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Figure8: The creationof the input graphfor the match-
ing problemsolver. Theweightson the edgesareleft out
for simplicity. (a) Theinitial graphwith a nodefor each
processolanda file. (b) The graphwith an edgeadded
for eachcasewhereprocessoi is readingdatafrom file

j- (c) Thegraphafterthereplicationof the processowrer-

ticesto make the numberof processoverticesandthefile

verticesto beequal.



Table3: Platformusedin the experiments.

Number of Processors | 128(120computenodesg8 I/O nodes)

Processor Type ComputeNodes:RS/6000Model 370,
1/0 Nodes:RS/6000Model 970

Clock Rate 332MHz

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

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

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

Network 100Mbs Ethernet155Mbs ATM and
800Mbs HiPPI

Disk Space 9 GB perl/O node

Operating System AIX 4.2.1

Parallel File System PIOFS

6 Experiments

In this section,we discusghe experimentalervironment
anddiscussour preliminaryresults.We reportexperimen-
tal datafor bothsyntheticaccespatternsandalarge-scale
scientificcode.

6.1 Experimental Environment

We usedthe MPI-2 library [17] andanIBM SP-2in Ar-
gonneNational Laboratorieso evaluateour schemepro-
posedn this section.Theimportantcharacteristicef our
experimentaplatformareshovn in Table3.

ThelBM SP-2usedin theexperimentshas128proces-
sors, 8 of which arel/O processors.Eachl/O seneris
attachedo a9 GB SSAdisk, resultingin 72 GB of total
disk space. The operatingsystemon eachnodeis AlX
4.2.1. PIOFSprovidesthe parallelaccesgo files. It dis-
tributesa file acrosanultiple I/O senernodes.

The MCIO calls are similar to MPI-1O [5] calls. For
example,to performa readoperation the processorgall
the

int MOOFilereadall (MPlI_File *fh,
int filecount, void **buf, int *count,
MPI Dat at ype *dat atype, MPI _St at us
*st at us)
routine. Note that the syntax of the call is very simi-
larto MPI _Fi | e_read_al | callin MPI-IO, exceptthat
MCIO routinetakesan array of files (similarly, an array
of buffers, an arrayof numberof elementsandan array

of datatypes)asargument.In addition,it takesaninteger
argumentf i | ecount indicatingthe numberof files in-
volvedin thel/O request Eacharrayelementorresponds
to arequesfrom adifferentfile. Withoutthe MCIO, calls
to all the differentfiles would have resultedin a separate
MPI-IO call. In all experimentswe comparethe perfor
manceof MCIO with thatof traditionalcollective I/O.

6.2 Resultsfor Synthetic Patterns

Figure9 givesexamplesof the accespatternswe exper
iment with. Two major types of experimentsare con-
ducted: row-major accessand column-majoraccess.In
arow-major accesseachprocessoaccessesonsecutie
rows of the underlyingdata. In a column-majoraccess,
the array is distributed column-wiseamongthe proces-
sors(i.e., eachprocessonccessea groupof consecuiie
columns). For eachcategory, we experimentwith differ-
entnumberof processorandfiles.

For all the accesgatternswe experimentedwith, we
evaluatedthe assignmentsesultingfrom the LP-model,
greedy heuristic, and the maximal matching heuristic.
Theobjectvefunctionandtheconstraintfor theaccessn
Figure4 aregivenin AppendixA. Theassignmentfor all
thethreemethodswverethe same.This is mainly because
of the constanfile sizewe have usedin the experiments.
Due to this invarianceof the results,we do not present
separatexecutiontimes for thesemethods,but discuss
the advantagesanddisadwantage®f each. Note that, the
assignmentsf greedyalgorithmandthe maximalmatch-
ing heuristicwill differ only in theircommunicatiortime,
notthe I/0O time. Therefore thereis somedifferencebe-
tweentheresponseimesof theassignmentmadeby the
two heuristic. Thegreedyalgorithmis fasterto find theas-
signmentghanthe maximalmatchingalgorithm. Hence,
in caseswherethe accesssizesfrom differentprocessors
to differentfiles are the same(similar to the accesgat-
ternsin Figure9), we recommendhe useof the greedy
algorithm. On the otherhand,if the requestsizesfrom
differentfiles have a significantdifference the maximal
matchingalgorithmalwaysgivesa bettercommunication
time. Also, if thetotalamountof datarequestedby differ-

10
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Figure9: Examplesof the experimentedaccesgatterns:(a) Four processonccessinglatarow-wise from 8 files, (b)
Four processoraccessinglatarow-wise from 16 files, (c) 8 processoaccessinglatacolumn-wisefrom four files, (d)
16 processorccessinglatacolumn-wisefrom four files.

Table4: Theimprovementsfor row majoraccessefFig- Table5: The improvementsfor column major accesses
ure9(a)and (b)) in [%] with respectto thenaive I/O ac- (Figure9(c) and(d)) in [%] with respecto the naive I/O

cess. access.
Nunber of Files Nunber of Processors Nunber of Files Nunber of Processors
4 8 16 4 8 16
49.97 51.22 49.97 4 41.26 55.76 49.04
8 52.28 | 78.33 77.41 8 43.90 | 76.49 79.26
16 53.42 | 80.12 86.67 16 45.21 | 77.59 80.28
32 54.33 | 80.52 87.18 32 45.84 | 78.07 80.82

6.2.1 Row-Major Accesses

ent processorhiave a large variance,maximalmatching Theresultsfor the experimentswith row-wiseaccespat-
algorithmgivesbetterperformanceHence,in suchcases ternsaresummarizedn Table4. Thetablegivestheim-
maximalmatchingalgorithmshouldbe employed. provementsachieved by MCIO techniquecomparedo a
naive accesaising the CIO techniquefor eachaccessed

In the first setof experimentsconductedthe file size file. The MCIO is ableto improve the responsdime in
is setto 32 MB, representin@two-dimensionaimatrixof the basecase(4 processorseadingdatafrom 4 files) by
1024 x 2048 floatingpointsfor the caseof four processors 49.97% over a naive accesgattern,which performsClO
readingdatafrom four files. Thereforethetotalamount for eachof the 4 files separately The resultsalsoreveal
of datareadin thiscaseequaldo 128 MB. Whenthenum- thatasthe numberof processorsncreasesthe improve-
berof filesis increasedthetotal amountof dataaccessed mentalsoincreasesln addition,whenthenumberof files
increasedinearly. is increasedthe improvementincreases. An exception

11



occurswhenthe numberof processorss increasedrom

8 to 16 when 4 files are accessed.The reasonfor a re-
ductionin theimprovements the small parallelismavail-

ablefor this accessNotethat,when16 processorareac-
cessing files, eachfile is assignedo 4 processorsThis
increaseghe synchronizatiorcost of the accessandre-
ducesthe advantageof MCIO, which utilizes the avail-

able parallelism. Similarly, with 16 processorsthereis

an insignificantreductionin the improvementwhenthe
numberof files is increasedrom 8 to 16. Theseresults
indicatethat MCIO bringssignificantimprovementeven
in thecasewherethenumberof processorss lessthanthe
numberof files.

6.2.2 Column-Major Accesses

Table5 summarizeshe experimentalkresultsfor column-
wise accesspatterns. Although, the performanceim-

provementoy MCIO is slightly lessfor column-majorac-
cessesMCIO still bringssubstantiabmountof improve-
ment of the naive CIO technique. Specifically MCIO

is able to improve the CIO performanceby as muchas
80.82% when 16 processorgrerequestingdatafrom 32
files. Similar to row-major accessesMCIO brings bet-
ter improvementover the naive CIO performancevhen
the numberof processorsr files areincreasedThe case
wherethe numberof processorss increasedrom 8 to

16 for reading4 files is againan exceptionto the general
trend.

6.3 Resultsfor a Scientific Application

We have alsoappliedthe MCIO techniqueto improvethe
I/O performanceof the astro3d[15] application. Table6
shaws the resultsfor this three-dimensionahstrophysics
application.Astio3d accessesix differentvariablesfrom
asinglefile. In the original application,this corresponds
to six differentcollective 1/0 calls. Using MCIO, same
datacanbe accessedsinga singlecall, therebythe par
allelismin the systemis betterutilized. For 4 processors,
this resultsin areductionof the I/O time by 38.52%. For
8 processorsthe improvementof MCIO over traditional
collective I/O increase$o 62.96%.

Table6: Total I/O times(in secondsjor astro3dapplica-
tion (Datasetsizeis 8 MB).

| || 4 processors | 8 processors |

Col l ective 1/0
MCI O

3.33
2.04

3.51
1.30

To summarizetheseresultsshowv thatthe MCIO strat-
egy brings significant amount of improvementover a
naive ClO accessnethod.Specifically we areableto im-
provetheresponsdime by asmuchas87.18%.

7 Conclusionsand Future Work

In this paper we have introducedan 1/O optimization
techniquecalledmulti-collective I/O. As the gapbetween
the performanceof the processoandthe storagesubsys-
temincreasesmore aggressie optimizationsare needed
to be ableto feedthe processomwith enoughdata. Sev-
eralscientificapplicationsxhibit poorstorageaccespat-
terns,andhenceoptimizationslike MCIO canbring sig-
nificantimprovementin the executiontime of suchappli-
cations.

We havefirst shavn thatfinding the optimalaccesgat-
ternin MCIO is anNP-completgroblem.Then,we have
presentedwo heuristicsto perform this task: a greedy
algorithm that usessorting and a graph algorithm that
usesa matchingproblemsolver. Then, using synthetic
benchmarksnda scientificapplication,we have shavn
thatMCIO canbring substantiahmountof improvement
in the I/O responsdime over a collective I/O technique.
Specifically MCIO wasableto improvetherespons¢ime
by asmuchas87.18%.

Our currentwork focuseson usingthe schedulingob-
tainedthroughour approachn developingpowerful I/10
prefetchingtechniques. Also in our agendais evaluat-
ing the effectivenessof MCIO in a sub-file basedervi-
ronment. We alsoplanto designandimplementan opti-
mizing compilerframawvork for generating/O-optimized
codeautomaticallyusingthe MCIO interfaceprovidedby
our runtimelibrary. Sucha compilerwill relieve applica-
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tion developersirom low-level detailsof file systemsand [10] Gabav, H. Implementationof Algorithms for Maximum
runtimelibraries,andlet themfocusinsteadon high-level
(application-specificaspect®f their codes.

[11]
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APPENDIX A An ExampleLP Model

Ee give the LP modelfor the accessn Figure4 andalso
presentheresultof thesolver. We have usedthe CPLEX
astheLP-soler, henceghemodelandtheresultsaregiven
usingthe CPLEX format. The LP-modelis asfollows:
nmnimze

M

subject to

cl: x11 + x21 + x31 +x41 =1
c2: x12 + x22 + x32 +x42 =1
c3: x13 + x23 +x33 +x43 =1
c4: x14 + x24 + x34 +x44 =1
c5: x15 + x25 + x35 +x45 =1
c6: x16 + x26 + x36 +x46 =1
c7: x1.7 + x2.7 + x3.7 + x4.7 =1
c8: x18 + x28 + x38 + x48 =1
c9: x11 + x12 + x13 + x14 + x15 +

x16 + x17 +x1.8 = 2
cl0: x21 + x22 + x2.3 + x24 + x25 +
X26 + x2.7 + x28 = 2
cl1l: x3.1 + x32 + x3.3 + x34 + x35 +
Xx36 + x3.7 + x38 = 2
cl2: x41 + x42 + x43 + x44 + x45 +

X46 + x4.7 + x48 = 2

M+ 10x11 + 12x12 + 12x1.3 +
5x14 + 10x2_1 + 12x22 + 12x2.3 + 5x2.4
+ 2x3.1 + 3x3.2 + 3x3.3 + 2x34 + 7x35
10x45 +
12x4.6 + 12x4.7 + 5x4.8 = 155
bi nary
x11 x12
x21 x22
x3.1 x3.2
x4.1 x42

end

x1.3
x2_3
x3.3
x4_3

x1.4
xX2.4
x3.4
x4 4

x1.5
X2.5
x3.5
x4.5

x1_6
X2_6
x3_6
xX4_6

x1.7
xX2_7
x3_7
x4_7

x1.8
x2_8
x3.8
x1.8

Note that, we have roundedthe requestsizes(c13)
from Table1. In the abose model, z; ;'s are denotedby
xzi_j and M is the objectve function. The first 8 con-
straintscorrespondo the >°* | 2; ; = 1 constraintin
Section4.3. Constraints9 through12 correspondo the
D1 Tig = b

neouddistribution of thefilesamongprocessors.

constraintwhich guaranteesromoge-

Theresultfor theabore modelis asfollows:
Vari abl e Nane Sol ution Val ue

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
Al other variables in the range 1-33
are zero.

The value of 82 for Mis the optimal communication
thatcanbe achieved. Thevariablesrs,;, 2,2, 1,3, T1,4,
T35, Tag, Ta,7, aNdzs g arel. Theremainingvariables
are zero. Note that, this assignments the sameasthe
maximalmatchingheuristichasmade which is shovn in
Figure?.
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