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ABSTRACT

Existingwork doesnotprovidea e xible dataset-orientedata o w
mechanismo meetthe comple requirementof scienti ¢ Grid
work ow applications. In this paperwe presenta sophisticated
approachto this problemby introducinga datacollectionconcept
andthe correspondingollectiondistribution constructswhich are
inspiredby HPF, however appliedto Grid work o w applications.
Basedon theseconstructsmore ne-grained data o ws can be
speci ed at anabstractvork o w languagdevel, suchasmapping
aportionof adataseto anactiity, independentlyistributing mul-
tiple datasetsnot necessarilywith the samenumberof dataele-
ments,onto loop iterations. Our approachreducesdataduplica-
tion, optimizesdatatransfersaswell assimpli es theeffort to port
work ow applicationsonto the Grid. We have extendedAGWL
with theseconceptsand implementedthe correspondinguntime
supportin ASKALON. We applyour approacto somerealworld
scienti ¢ work o w applicationsaandreportperformanceesults.
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1. INTRODUCTION

With the adwent of Grid technologiesscientistsand engineers
arebuilding more and more complex applicationsto manageand
procesdarge datasetandto executescienti ¢ experimenton dis-
tributed Grid resourcesGrid work o w systemsplay a paramount
rolein this process.t enablesscientistdo con gure availableap-
plication componentsnto a work ow of tasksand submitthem
for executionon the Grid. Nowadaysmary Grid work ow frame-
worksandtoolshave beendevelopedor supportingscienti ¢ work-

o w applications.

A Grid work ow applicationcanbe seenasa collectionof com-

putationaltasksthat are processedn a well-de ned orderto ac-
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input dataset

Problem:

Map the entire input dataset to
each iteration, map each data
element to a different iteration,
etc.

iterations @j

parallelFor 2 /

Problem:

Map the output data elements of
individual iterations to A, map the
aggregated output dataset to A, etc.

Figure 1: Data o w problems

complisha speci c goal. Many control o w constructshave been
identi ed anddevelopedin Grid work o w systemdo enableusers
to de ne the exact executionorderof tasks. Theseconstructan
be divided into four cateyories: sequential parallel, conditional
anditerative constructs. With eachof theseconstructs different
data o ws canbespeci ed. Data o wsin scienti ¢ Grid work ow
applicationsarecommonlycomplex becauselatasetareinvolved.
Forinstanceascienti c applicationconsumes portionof adataset
producedby anotherapplication,a paralleliterative constructcon-
sumesmultiple dataset&nd eachof its loop iterationprocesses
variablenumberof elementsn thedatasetsHowever, how datasets
andthe correspondinglataelementscanbe speci ed in data ow
links, especiallyhow datasetxanbe distributed onto the parallel
loop iterations, is a problemnot sufciently addressedy most
Grid work ow languagesMany Grid work ow systemssolve the
problemby replicatingthe entire dataseto actiities or loop iter-
ations,or by restricting le namesusedin datasetsvhich reduces
thework ow reusability Fig. 1 illustratesthe problemthroughan
exampleof a parallelFor loop constructwhich acceptsa dataset
consistingof six dataelementsasinputto its four loop iterations.
Eachloop iteration producesan outputdataelement. The paral-
lelFor constructhasa subsequentask A which requiresonly the
outputdataelementsgproducedby iterationsO and2. Obviously,
more e xible dataset-orientedata o w mechanismsareneededo
avoid redundantatatransfers.

In this paperwe presenia sophisticatedpproachas part of the
AbstractGrid Work o w Languagg/AGWL) [7] to solve the prob-
lem by introducingthe conceptof data collection andthe corre-
spondingcollectiondistribution constructswhich areinspiredby



High Performancd-ortran (HPF)[9]. The correspondinguntime
supporthasbeenimplementedn the ASKALON [6] Grid appli-
cationdevelopmentandcomputingervironment.By usingour ap-
proachmore ne-graineddata o wscanbespeci ed,datatransfers
areoptimizedandthus performancesreimproved. The effort to
portscienti ¢ applicationsonto Grid canalsobe simpli ed.

The remainderof this paperis organizedasfollows. Section2
presentamportantrelatedwork. A brief overview of AGWL is
providedin Section3. Section4 discusse®sur approactin detail.
We apply the collectiondistribution constructso somereal world
Grid work ow applicationsin Section5 and report performance
resultsin Section6. The paperendswith ashortconclusionandan
outlineof thefuturework.

2. RELATED WORK

Many work ow languagesind systemsare developedfor sup-
portingscienti ¢ Grid work o w applicationsWe limit this section
to selectedvork andcomparghemagainstour solution.

TheChimeraVirtual DataSystem(VDS) [8] aimsto abstracthe
work ow from the detailsof implementation. Its work o ws ex-
pressedn Chimeras Virtual DataLanguagegVDL) arecorverted
into Condors DAGMan[4] formatfor execution.While VDS sup-
portsiterationsover datasetsit is limited to operatingdatasetgor
slicesof datasetspne elementby one element,throughthe fore-
ach statemenin VDL. Taverna[13] is adatacentricwork ow de-
velopmentervironmentandhasno explicit iterative constructslts
work ow languageSCUFL (SimpleConceptualUni ed Flow Lan-
guage)providessupportfor processinglatacollectionsthroughan
implicit iteration mechanismyhich is limited to the crossor dot
productof lists (collections)being processedThe Keplerproject
[2] is basedon an actororientedmodeling paradigmwhere ac-
torscorrespondo re-usablenvork o w componentsThework ow
speci cationis basedon thework o w modelinglanguageMoML
(ModelingMarkupLanguage)Keplerusesamapoperatoto apply
a function, which operateson singletonsjo collections. It is lim-
itedto processingnecollectionatatime. Morerecentlypublished
work[11] fromtheKeplerprojectfocusennestedespeciallyhet-
erogeneousdatacollections.It usesreadscopeto specifyportions
of collectionsanditeration scopeto controliterationsof actions.Its
collectionoperationsarelimited to invoking actionsoncefor each
item, or oncefor the entirecollection. Triana[20] is anintegrated
and genericwork o w-basedgraphical problem solving erviron-
ment. Trianausesan XML basedanguagesimilarto WebServices
DescriptionLanguagdWSDL). The Trianawork o w languagéhas
no explicit supportfor control o w constructs.Loopsandexecu-
tion branchingare handledby speci c components.The Karajan
[21] work ow languagesupportsparalleliterations. ICENI [10]
(Imperial College e-ScienceNetwork Infrastructure)is a system
for work ow speci cation and enactmenbn the Grid. However,
no e xible dataset-orientedata o w is supportedn eitherof these
systems.Parallel ComputingPatterns[14] identi ed a dataparal-
lelism patternandits variantsstatiddynami¢adaptivedataparal-
lelismfor Grid work o ws. Thesepatternshave acloserelationship
to the classicalmulti-instancework ow pattern[16] andits vari-
ants. However, noneof thesepatternge ect BLOCK, BLOCK(S)
BLOCK(S,L)andREPLICA(Sxollectiondistribution constructsas
presentedhn this paper

In a word, existing work commonly suffers by one or several
of thefollowing dravbacks:no iterative constructsno supportfor
processinglataset®r portionsof datasetsandno e xible dataset-
orienteddata o w supporffor iterative constructsin contrastAGWL
supportsa rich setof control ow constructs,ncluding iterative
constructsaswell asmappinga portion of a datacollectionto ac-

tivities or loop iterations. Furthermorepneiterative constructin

AGWL (e.g. the parallelFor or parallelForEach con-
struct, etc.) canalso processmultiple data collectionsand each
datacollectioncanbeprocesseih anindependentvay in termsof

how mary dataelementsareprocesseth oneloopiteration.All of

thesefeaturescanbe speci ed at the work o w languagdevel by
domainusersto controlhow datasetsareprocessedby actiities or
iterative constructs.

3. OVERVIEW OF AGWL

AGWL [7] is anXML-basedlanguagédor describingGrid work-
o w applicationsata high level of abstractionlt is themaininter-

faceto the ASKALON [6] Grid applicationdevelopmentandcom-
puting ervironmentand hasbeenappliedto numerouseal world
Grid work ow applications. AGWL hasbeendesignedsuchthat
userscan concentrateon specifying Grid work ow applications
without dealingwith eitherthe compleity of the Grid or ary spe-
ci ¢ implementatiortechnology(e.g. Web or Grid Service,soft-
warecomponent®r Java classesetc.). AGWL work o ws consist
of actiities, control o w constructsdata o w links andproperties
andconstraints.

An AGWL actiity canbeanatomicactivity or acompoundac-
tivity. An atomic activity is representedby an activity type and
input and outputdataports. The input and outputdataportsare
logical representationsf the correspondingnput andoutputdata.
The numberandthe typesof the input and outputdataports are
determinedby the actiity type. An actvity type is an abstract
descriptiorof agroupof activity deploymentéconcretémplemen-
tationsof computationaentitiesdeployedin the Grid) which have
the samefunctionality, probablydifferentperformancebehaiors.
Activity typesshieldtheimplementatiordetailsof activity deploy-
mentsfrom the AGWL programmerLocatingandinvoking activ-
ity deploymentsbasedon actiity typesaredoneby theunderlying
runtimesystem.An invocationof anactiity deploymentis called
an activity instance AGWL actvities are connectedby control

o w constructaanddata o w links.

AGWL allows a programmeto de ne a graphof actvities that
refer to computationaltasksor userinteractions. A rich set of
control ow constructs(compoundactiities) has beenprovided
in AGWL to simplify the speci cation of Grid work ow appli-
cationssuchassequence , parallel , if , switch , while
doWhile , for , forEach , parallelFor and parallel-
ForEach with semanticsimilarto comparableonstructsn high-
level programmindanguagesThedag constructs alsoprovided
for describinga directedacgyclic graphof actiities. AGWL also
supportssub-work o ws, which aresimilar to proceduresn high-
level programminglanguages.Sub-work o ws are usedto modu-
larize, encapsulat@andreusecoderegions. In the remainingtext,
actiities referto both atomicactiities andcompoundactiities if
notexplicitly stated.

The data ow in AGWL is expressedby data ow links from
sourcedataportsto sink dataports. A sourcedataport canbe
aninput dataport of the whole work o w, aninput dataport of a
compoundactiity (e.g.aparallelFor construct) pr anoutput
dataport of anatomicactiity. A sink dataport canbe an output
dataportof thewholework o w, anoutputdataportof acompound
actwity, or aninput dataport of anatomicactuity.

Propertiesand constraintscanbe de ned in AGWL to provide
additionalinformationfor work ow runtime systemgo optimize
andsteerthe executionsof work o w applications.Propertiespro-
vide hints aboutthe behaior of actwvities and constraintsshould
be compliedwith by theunderlyingwork o w runtimesystem.The
usercan specify propertiesand constraintsfor both actvities and
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Figure2: ThreeAGWL data o w links

dataports.

To enablereadergo understandhe collectiondistribution con-
structspresentedn this paper the AGWL data o w modelis fur-
ther explainedin the following paragraph(refer to [7] for more
detailedinformationon AGWL).

Data Flow Model Unlike mary otherwork ow languagese.qg.
the SCUFL usedin Taverna[13], the work ow languageof Tri-
ana[20], the WSBPEL [12] from OASIS, etc., AGWL doesnot
have anexplicit XML taglike <link> or <connection> . In-
steaddata o w links arespeci edby settingthesource attributes
of sink dataportsto sourcedataports, which is easierto usebut
providessimilar expressie power. Thesource attributeof asink
dataportcanbespeci edin theform of activity-name/sou-
rce-data-port-name , Wherethe activity-name canbe
the nameof thework o w, the nameof a compoundactivity or the
nameof an atomicactiity. Ex. 1 illustratesthreedata o w links
andoneconstrain{thecorrespondingraphicakepresentatiors il-
lustratedn Fig. 2 with thedashedinesshoving thethreedata o w
links andthetext besidethesecondiata o w link shaving thecon-
straint): thedata o w link (1) o ws from theinput dataportinWf
(line 3), thelogicalrepresentatioof the les gsiftp://host//dir/ le],
..., gsiftp://host//dir/ len, of the work ow sampleWfto the input
dataport inPfCol (line 10) of the parallelFor compoundac-
tivity pfor. Thesource attribute of the sink dataportinPfCol is
setto sampleWf/inWfline 11). In thedata o w link (2), thesource
dataport inPfCol with type of agwl:collection hasa con-
straintagwl:distribution=BLOCK(2)(line 13-14),which speci es
thatthe dataelementof the collection(i.e. the les) aremapped
pairwiseto thecorrespondingarallelloopiterationsandconsumed
by the actvity activityAthroughits input dataportinAct (line 23).
The constraintagwl:distribution and its value BLOCK(2) as well
asthe datatype agwl:collection areexplainedin Section4.
Thedata o w link (3) is similarto (1). Thedata o w links from/to
sub-work o ws, which aresimilar to the onesfrom/to a compound
actvity like aparallelFor , areomittedhere.

Example 1. ThreeAGWL data o w links

<agw name="sanpl eW" >
<wor kf | oW nput >

<dat al n name="i nW" type="agwl :col | ecti on"
source="gsi ftp://host//dir/filel, ...,
gsiftp://host//dir/filen" />

</ wor kf | oWl nput >
<wor kf | onBody>
<paral | el For nanme="pfor">
<dat al ns>
<dat al n name="i nPf Col " type="agwl : col | ecti on"
sour ce="sanpl eW/i nW">
<constrai nt s>

44

<constrai nt name="agwl :distribution"
val ue="BLOXK(2)" />
</constrai nt s>
</ dat al n>
</ dat al ns>
<l oopCount er nane="i ndex" type="xs:integer"

fron¥"1" to="10" step="1"/>
<| oopBody>
<activity nane="activityA' type="...">
<dat al ns>

<dat al n name="i nAct" type="agw :col | ection"
sour ce="pfor/inPfCol" />
</ dat al ns>
<dat aQut s>
<dat aCut name="out Act" type="agw :file" />
</ dat aQut s>
</activity>
<activity name="activityB' type="...">
<dat al ns>
<dat al n name="i nAct" type="agw :file"
sour ce="act i vityA out Act"/>
</ dat al ns>
<dat aQut s>
<dat aQut nane="out Act" type="agw :file" />
</ dat aQut s>
</activity>
</ | oopBody>
<dataQuts ..
</paral | el For>
</ wor kf | owBody>
<wor kf | owQut put . .
</ agwl >

>

>

4. DATA COLLECTIONS AND COLLECTION
DISTRIBUTION CONSTRUCTS

Scienti ¢ work ows usuallyinvolve large and complex dataset
processing.For instance a scienti ¢ applicationconsumes por-
tion of a dataseproducedby anotherapplication,a parallelitera-
tive constructproducegdatasetdasedon their input, or a parallel
iterative constructtonsumesnultiple datasetandeachof its loop
iterationprocesses variablenumberof dataelementof different
datasets|In this section,we describeAGWL data collectionsand
explain how data collectionscan be mappedto actiities or dis-
tributed onto loop iterationsby using collection distribution con-
structs.

4.1 Datacollections

Datasetsn scienti ¢ work o ws may containstatic or dynamic
(unknawvn at compositiontime) numberof dataelements.Model-
ing at the Grid work ow languageevel eachelementin datasets
with alogical dataport canbe awkward andoftenimpossible.To
solwe this problem,AGWL introducesthe conceptof data collec-
tion (Fig. 3) to modeldatasetén scienti ¢ Grid work o wsatahigh
level of abstraction.

(o[ ][ de [[ds ][]

data collection &

dn—l

Figure 3: A data collectiona with n data elements

AGW.L data collectionis a logical datarepresentatioof phys-
ical data. It is de ned as a datatype agwl:collection in
AGWL, whereagwl is the namespacesedin XML representa-
tionsof AGWL work ows. A dataportwith typeof agwl:coll-
ection representsan orderedlist of dataelementsprovided by
domain usersas the initial input of a work ow or producedby
work ow actiities asan intermediateresult. The numberof the
dataelementscontainedn a datacollectionmaybe dynamic.The
dataelementsin a datacollection are logical representationsf
physicaldatawhichcanbe les in a le systemdataretrievedfrom



a relationaldatabaseor primitive datasuchasintegers or strings
in the memoryof the underlyingwork ow runtime system. Files
will beusedin thefollowing sectiongo demonstrateur approach.
Dataelementsanbe accessedvith their indicesin the enclosing
datacollection.

To portscienti ¢ applicationsespeciallythe onesproducingdy-
namicoutputdatasetspntothe Grid, oneof thecommonapproaches
is to write somewrappingcodesuchasto tar a setof output les
intoatar le. Thiskind of wrappingcodeis not e xible in thecase
whereonly a portion of the datasets required. The reusabilityof
thewrappingcodeis alsolimited. In contrastthe AGWL datacol-
lectionpresentedhereprovidesa more e xible solutionandavoids
this kind of wrappingcode. Thusour approachis a valuablecon-
tribution to simplify portingwork o w applicationontothe Grid.

4.2 Collection distrib ution constructs

AGW.L providestwo built-in constraintsfor specifyingcollec-
tion distribution constructsagwl:element-indeandagw!:distribu-
tion (Thenamespacegwl is omittedin the following text to avoid
redundang). The constraintelement-inde is usedto specify por-
tions of datacollectionsandit canbe usedfor dataportsof activi-
ties. The constraindistributionis usedto partitiondatacollections
into blockswhich arethendistributedonto loop iterations. While
the constraintdistribution canbe usedfor both sequentiabndpar
allel iterative constructsye only focusontheparalleliterative con-
structsin theremainderof this paper

The value of the constraintelement-inde s a list of comasep-
aratedcolon expressions.The syntaxis de ned by the following
grammaywheree denoteghe elementindex, ¢ acolonexpression,
s; astartindex, s, astopindex, sz astride:

cl; c]
si[: s2[: s3] ]

For example the constrainelement-inde=1,3,6:10:2speci esthe
dataelementsassociatedvith index 1,3,6,8,10in the sourcedata
collection.Notethatin theabsencef theconstrainelement-inde,
theentiredatacollectionis speci ed.

To distribute datacollectionsonto parallel loop iterations,we
reuseddeasrom High Performancé&ortran(HPF)[9], wheresome
directivesare usedto mapa dataarrayinto a processorsirray In
AGWL, a datacollectionis an orderedlist of dataelements;j.e.
a one-dimensionahrray Parallelloop iterationscanalsobe con-
sideredasa one-dimensionadrray which we denoteby iteration
array. Thusthe problemcanbe formulatedashow to mapa one-
dimensionalarray of dataelementga datacollection)to another
one-dimensionarray of iterations(an iteration array). AGWL
supportghe following collectiondistribution constructs:BLOCK
BLOCK(S) BLOCK(S,L) and REPLICA(S) which are speci ed
throughthe constraintdistribution of input dataports of parallel
iterative constructgseeEx. 1). Thesefour collectiondistribution
constructsare processedt runtimeto determinewhich elements
of a datacollection are distributed onto which iteration. We ex-
plain thesefour collection distribution constructsin detail in the
following sectionsassuminghat all dataelementsn datacollec-
tions aredistributed onto at leastoneiteration. It is possiblethat
someiterationsmay not be assignedo ary dataelement. In the
casewherenotall dataelementsn a datacollectionarerequiredto
bedistributedontoparallelloop iterations a subsebf the datacol-
lection canbe obtainedthroughthe constraintelement-inde The
constrainelement-indehashigherpriority thantheconstraintis-
tribution whenboth of themarespeci edfor the samedataport.

In orderto expresscollectiondistributions,we assumehat arny
collection C with jCj dataelementsis associatedvith an index

C adatacollection
iCj theelemennumberof C
J¢ theindex domainof C

| aniterationarray

il theiterationnumberof |
K'! theindex domainof |
i anindex
[i1:i2] asetofindices,de nedbylii:iz]:= fijis i 20

(i) afunctionmappingindicesof C to indicesof |

Table 1: Notations

domaind © whichis de ned by asetof integersfij0 i < jCjg.
Theindex domainJ © providesanunambiguousmiamefor thedata
elementsn thedatacollection.LetJ © denoteanindex domainof
adatacollectionC, K ' anindex domainof aniterationarrayl , the
collectiondistribution problemcanbefurtherformulatedashow to
mapJ € to K '. Thenotationsusedin the explanationof the four
collectiondistribution constructaaresummarizedn Tablel.

4.2.1 BLOCKdistribution

BLOCK distribution partitions a data collection C into equal
sized, contiguousblocks and distributeseachof themonto a dif-
ferentiterationof aniterationarray! . The sizeof eachiteration's
block is determinedby the elementnumberjCj andthe iteration
numberjl j.

De nition 1. BLOCK distribution of a datacollectionC isafunc-

tion :JC 1 K' that partitionsthedatalcollercr:]tionC intob =

] which are dis-

contiguousblods of sizes =

it

tributed onto the r st b iterations, with 0 b < jlj, and, if
jCjmod s 6 0, oneadditional block with jCj mod s elements
which are distributedontothe lastiteration with index b. Thefunc-
tion is givenby:

($ % )

Flm o i<jc
icj

i

Fig. 4 illustratesthe distribution of a datacollectionwith jCj =
12 dataelementontojl j = 4 loop iterationsbasedon the collec-
tion distribution construcBLOCK, whereeachiterationis assigned
to ablock of threedataelements.

collection

(@]

iteration 0

EEEE) @R

iteration 2

iteration 3

| iteration 1

Figure 4: The BLOCK distrib ution

4.2.2 BLOCK(S)distribution

While BLOCK distribution partitionsa datacollectioninto equal
sizedblocks(exceptthatthelastonemayhave asmallersize)based
on the iterationnumber it is more commonin scienti ¢ applica-
tionsto partition a datacollectioninto x edsizedblocks. For ex-
ample,three les are producedin eachtime stepof a simulation
process,andthe three les of onetime steparerequiredby the
subsequentomputationwhich is enclosedn the loop body of a



parallelloop construct. BLOCK(S)is provided for this purpose,
with theinteger parametes specifyingthe x edblocksize.

De nition 2. BLOCK(S) distribution of a data collectionC is a
function p J© ! K ' thatpartitions the data collectionC into

b= % contiguoushlodks of sizeS which are distributedonto

the r stbiterations,with0 b< jlj,and,if jCj mod S 6 0, one
additional block with jCj mod S elementswhich are distribyied

onto the next iteration with index b. We require S % to
ensue that all data elementsn the collectionC are distributed
onto at least one iteration. All other iterations (if any) are not
assignedo anydataelementsThefunctionis givenby:
. i S iCj
1) = — 0 i<jCj™ S —
M= 3 ici 0
Fig. 5 illustratesthe distribution of a datacollectionwith jCj =
12 elementsontojl j = 3 iterationsbasedon the collection dis-
tribution constructBLOCK(5) whereiteration0 is assignedo a
blockof ve dataelementswith index [0 : 4], iteration1 a block of
ve dataelementswith index [5 : 9], andthelastiterationa block
of two dataelementswith index [10 : 11], respectiely.

LEEEEEEEEEE

iteration 2

collection

iteration 0 iteration 1

Figure5: The BLOCK(5) distrib ution

4.2.3 BLOCK(S,L)istribution

BLOCK distribution andBLOCK(S)distribution partitiona data
collectioninto equalsized,contiguoushlocks (exceptthatthe last
onemay have a smallersize) which doesnot involve replication.
For someapplications an overlap betweenneighboringblocksis
required.For example,anapplicationwhich processethe les of
a certaintime stepmay alsoneedthe les from the previoustime
step. For this purpose BLOCK(S,L)is provided with the integer
parametelS specifyingthe block size, andthe integer parameter
L specifyingthe size of the overlappedpart betweenneighboring
blocks.

De nition 3. BLOCK(S,L) distribution of a data collectionC is
a function J%! K that partitions the data collection C

intob = 1S5 overlappedblocks of sizeS (with an overlap

of sizeL betweenead two neighboringblodks) which are dis-
tributed onto the r st b iterations, with 0 b<jljL < S,
and,if (jJCj L)mod (S L) 6 0, oneadditional blodk with
iCj b (S L) elementaregistributedontothenext iteration

withindexb. Werequire 'S5 jIj toensuethatall dataele-

mentsn thecollectionC are distributedontoat leastoneiteration.
All otheriterations(if any)are not assignedo anydataelements.
Thefunctionreturninga setof iteration indicesis givenby:

(i) = [Dmn @ (Dmax] 0 1 <JCj
A ~ ICj L .
L<S S L jlj
where

({)min = max O; S—L 0 i<jCj
AL<SA j(S:j LL il

(I)max = min SI—L gl 1 0 i< jCj
reesa 1L

Fig. 6 illustratesthe distribution of a datacollectionwith jCj =
12 elementsontojl j = 3 iterationsbasedon the collection dis-
tribution constructBLOCK(6,3) whereiteration0 is assignedo a
block of six dataelementswith index [0 : 5], iteration1 a block of
six dataelementswith index [3 : 8], anditeration2 a block of six
dataelementswith index [6 : 11], respectiely. The dataelements
with index 3,4,5aredistributedonto bothiteration0 anditeration
1 andthe dataelementswith index 6,7,8aredistributedonto both
iteration1 anditeration?2.

overlap between | overlap between
iteration 0 and 1~ |~ iteration 1 and 2

OEEEEEREEHE

iteration 0 >
b iteration 1
|<——iteration 2————>

collection

Figure 6: The BLOCK(6,3)distrib ution

4.2.4 REPLICA(SNYistribution

BLOCK distribution, BLOCK(S)distribution and BLOCK(S,L)
distribution arenormallyusedwhenjCj  jlj. However, in some
casesa smallernumberof dataelementsare neededo be repli-
catedontoa larger numberof loop iterations.To supportthis kind
of datadistribution, REPLICA(S)Xistribution (we considerit asa
specialdistribution) is providedwith theintegerparametefs spec-
ifying ontohow mary iterationseachdataelementn adatacollec-
tion shouldbereplicated.

De nition 4. REPLICA(S) distribution of a data collectionC is
afunction : J¢ | K' thatreplicatesead dataelementn the
datacollectionC, S timeswhich are distributedontothej rstp=

S jCjiterations,with0 b < jlj. Werequir S i to
ensuethatall replicateddataelementsire distributedontoat least
oneiteration. All otheriterations(if any)are not assignedo any
data elements.Thefunctionreturninga setof iteration indicesis
givenby:

N i - - < ici A i

(|)S|S(|1)1O|JCJSJ_CJ.

Fig. 7 illustratesthedistribution of adatacollectionwith jCj = 3
elementontojl j = 12 iterationsbasedon the collectiondistribu-
tion constructREPLICA(4) whereiterationswith index [0 : 3] are
assignedo the dataelementwith index 0, iterationswith index
[4 : 7] thedataelementwith index 1, iterationswith index [8 : 11]
the dataelementwith index 2, respectiely.

Note that both the constraintelement-inde and the constraint
distribution canbespeci edfor aninputdataportof aparalleliter-
ative constructanda paralleliterative constructcanhave asmary
input dataports as needed. Thus AGWL supportsprocessingf

multiple collectionswith one paralleliterative constructand each
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Figure 7: The REPLICA(4) distrib ution
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collection,which may have differentnumberof dataelementscan
be processeihdependentlpasedn the associatedollectiondis-
tribution constructs.

5. CASE STUDY

In this section,we apply the collection distribution constructs
presentedn Section4 to four realworld scienti ¢ Grid work ow
applications:(1) the materialscienceapplicationWIEN2K [3], (2)
the meteorologyapplicationMeteoAG [18], (3) the astroplysics
application AstroGrid [17], and (4) the astroplysics application
GRASIL[19].

5.1 WIEN2k

WIEN2K [3] is a programpackagefor performing electronic
structurecalculationf solidsusingdensityfunctionaltheory The
programswvhich composehe WIEN2k packagearetypically orga-
nizedin the work ow illustratedin Fig. 8. The actvity LAPW1
andthe actiity LAPW2canbe executedin parallel, speci ed by
paralleliterative constructs The numberof parallelloop iterations
of eachparalleliterative constructis determinecdby kpoint, which
is the outputof the activity LAPWQ We only focus on the data
portswith type of agwl:collection in thework ow here. A
detailedexplanationof the whole work ow can be found in [7].
In this work ow, the parallelFor constructpforLAPW1pro-
ducesthree data collections: enegyHleCol, vectorRleCol, and
scflRleCol. The atomic actvity LAPW2_FERMIconsumeshe
datacollectionenegyFleCol andproducesanotheratacollection
weighRleCol. The four data o w links (the labeleddashedines
in Fig. 8) with their associatedollection distribution constructs
specify how thesedatacollectionsare consumedby subsequent

simulation_init

pforEachCase

case_init case_init

case_init

rams_makevfile

_____ pfeRamsinit
- _;M
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Figure9: The MeteoAG work o w

actwvities. The data ow links (1), (2) and (3) eachhasa con-
straintdistribution=BLOCK(1)in its sourcedataport. Thesecon-
straintsspecifythat for eachloop iterationofthe parallelFor
constructpforLAPW?2 only onedataelementof the corresponding
datacollection (enegyHleCol, vectorRleCol or weighRleCol) is
required. This example shavs how a parallelFor construct
canprocesanultiple datacollections. Note that, in this case,it is
notrequiredthatall datacollectionsmusthave the samenumberof
dataelements.The iterationnumberof the parallelFor con-
structpforLAPW2is decidedneitherby theiterationnumberof the
parallelFor constructpforLAPW1nor by the elementumber
of the datacollectionweighRleCol. Insteadthe parallelFor
constructpforLAPW2hasits own loop counterfor this purpose.
Webelievethisapproaclis more e xible thanthosedescribedn re-
latedwork. Thedata o w link (4) hasaconstrainelement-inde=0
in its sinkdataportbecaus¢heactivity Mixer only requireghe rst
dataelementn thedatacollectionscf1RleCol.

Note that without the constraintdistribution, all dataelements
in the collectionsenegyHleCol, vectorRleCol andweighRleCol
would have to be transferredat runtime to the Grid site where
eachactiity LAPW2will be executed,which would resultin re-
dundantdatatransfers. The sameholds for the data collection
scflCollection The AGWL representatiof the WIEN2k work-
o w andthe performancémprovementwith thesecollectiondis-
tribution constructsarediscussedn Section6.1.

5.2 MeteoAG

MeteoAG [18] is ameteorologysimulationapplicationbasedn
the numericalmodel RAMS [5]. The simulationsproducepre-
cipitation elds of heary precipitationcasesover the westernpart
of Austria at a spatialandtemporalgrid in orderto resole most
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alpinewatershedsindthunderstormsFig. 9 illustratesthe work-

o w structurewith two labeleddashedines shaving the interest-
ing data o w links. Consideringhedata o w link (1) in this work-

o w, theactivity rams_hisproducesn eachtime steptwo grid les

(basedbn theinput parameteNGRIDwhichis speci edin thein-

put le, NGRID=2in thiscaseandonehead le, whichwe denote
by two datacollections: gridFiles, headHes. For eachrun of an
iterationof theparallelForEach constructpfeR@uDump the
actiity revu_dumpequireghe les of onetime step(two grid les

andahead le) producedy theactwvity rams_hist Thecollection
distribution constructBLOCK(2)andBLOCK(1)areusedhereto

fulll thedata o w requirements.

The data ow link (2) in this work ow is a good exampleto
demonstratBLOCK(S,L)istribution. Similarastheactiity rams-
_hist, the activity rams_makv le producegwo grid les andone
tag le in eachtime step. Again, we denotethem by two data
collections:gridFiles, tagFles. For eachrun of aniterationof the
parallelForEach construcpfeRamslnittheactivity rams_init
requiresnotonly the les of thecurrenttime stepbut alsothoseof
the previous time step. Therefore the collectiondistribution con-
structsBLOCK(4,2)andBLOCK(2,1)canbe usedrespectiely for
the distribution of the two datacollectionsgridFiles andtagFiles
ontotheparallelloopiterations.

Both examplesin the work ow MeteoAG also shav that how
multiple datacollectionscanbe processedby oneparalleliterative
constructindependentlyin termsof hov mary dataelementsof
eachdatacollectionare processedn oneloop iteration. The per
formanceresultswith thesecollection distribution constructsare
discussedn Section6.2.

5.3 AstroGrid

The AstroGrid [17] applicationis aboutnumericalsimulations
of the movementsandinteractionsof galaxy clustersbasedon N-
Body systemsThecomputatiorstartswith thestateof theuniverse
atsometimein the pastandis doneto the currenttime. Galaxypo-
tentialsare computedor eachtime step. Thenthe hydrodynamic
behaior and processesre calculated. The work o w structureis

e # pforGalaxy
v v

(o)) o)

L T

Figure11: The GRASIL work o w

illustratedin Fig. 10. Consideringthe data o w link illustrated
with the dashedline, the actiity nbodyproducestwo datacol-
lections: tOOFRiles, consistingof multiple t00 les, anddataFles,
consistingof multiple data les. Onet00 le is producedat each
time step. Onedata le is producedwvhenevery four t0O les are
available.For eachrun of aniterationof theparallelForEach
constructpfePoten the actiity potenrequiresonet00 le andthe
correspondinglata le. While the datacollectiontOOFles is it-
eratedover by the parallelForEach constructpfePoten the
datacollectiondataFles s distributedbasedon the collectiondis-
tribution constructREPLICA(4) which speci es that every data
le shouldbereplicatedfour timesthendistributedontothe corre-
spondingoop iterations.

5.4 GRASIL

GRASIL [19] is an applicationto calculatethe spectralenegy
distribution (SED) of galaxieslying in a certain eld of view (light
cone)rangingfrom now backto shortly after the beginning of the
universe. Thework ow structureis very simpleandis illustrated
in Fig. 11. The actvity init producesa datacollection,in which
eachdataelementcorrespondso the dataabouta speci ¢ galaxy.
The datacollectionis then processedy a parallelFor con-
structpforGalaxy which usesthe constraintdistribution=BLOCK
to distribute the input collectiononto its loop iterations. The ac-
tivity grasil is designedo accepta datacollectionwith a variable
numberof galaxiesand calculateseachof them, which malke the
work ow immuneto the changesof the elementnumberof the
datacollection producedby the actiity init. Thusthe work ow
reusabilityis improved.

6. EXPERIMENT AL RESULTS

We have implementedall collectiondistribution constructde-
scribedin this paperandintegratedthemin the ASKALON Grid
ervironment,which is the main Grid applicationdevelopmentand
computingenvironmentfor the Austrian Grid infrastructure[1].
Throughour UML basedGrid work ow modelingtool [15], the
domainuserscan develop AGWL basedGrid work ow applica-
tions,includingthe selectionof correctcollectiondistribution con-
structs.We have conductedhe experimentsof the WIEN2k work-
o w andthe MeteoAG work ow. Thesizesof the les in thedata
collectionsusedin our experimentsrangefrom several kilobytes
to several megabytes.In bothexperimentswe measuredhe num-
berof le transfersandthe executiontime andcompared¢hemfor
two cases:(1) without collectiondistribution constructsspeci ed
(denotedby withoutdatacollectiondistribution), and(2) with col-
lectiondistribution constructsspeci ed (denotedby with datacol-
lectiondistribution). Thecorrespondingesultsarepresentedh the



1
2

Grid Site | CPU | # | GHz | JobMgr | Location
Dual Core
karwendel AMD 8| 24 SGE | Innsbruck
Opteron
c703-pc2201] Pentium4 | 8 | 2.8 | Torque | Innsbruck
c703-pc2509| Pentium4 | 8 | 2.8 | Torque | Innsbruck
schafbeg Itanium2 8| 14 PBS Salzhurg
altix1 Itanium2 8| 14 PBS Innsbruck
c703-pc450| Pentium4 | 8 | 1.8 | Torque | Innsbruck
hydra AMD Athlon | 8 | 1.67 | Torque Linz

Table 2: The Austrian Grid testbed

following sections A subsebf thecomputationatesourcesvhich
have beenusedfor the experimentss summarizedn Table2.

6.1 Resultsof the WIEN2k work o w

The WIEN2k work ow structureis illustratedin Fig. 8 in Sec-
tion 5.1,andthecorrespondind\GWL representatiois depictedn
Ex. 2 (for simplicity, detailsnot relatedto collectionsareomitted).
Sincetheintegerdataport kpointproducecby the activity LAPWO
determinegheiterationnumberof the parallelFor constructs
pforLAPW1and pforLAPW2(line 16 andline 69), which further
determineshesizeof thedatacollectionsmentionedn Section5.1,
we performedtwo seriesof experimentsfor the WIEN2k applica-
tion, correspondingo two differentproblemsizes:kpoint = 116
andkpoint = 252 The experimentswvereconductedn six Grid
sites: karwendel ¢703-2201 c703-2509 schafbeg, c703-pc450
and hydra. For eachproblemsize, we rst executedthe work-

ow on the fastestGrid site karwendel Then,we incrementally
addednew Grid sitesto investigate whetherwe canimprove the
performanceof the work ow applicationby increasingthe avail-

ablecomputationalGrid resources.

Example 2. The AGWL representationof the WIEN2k work o w

<?xm version="1.0" encodi ng="UTF 8" ?>
<agw name="W EN2k" >
<wor kf | owl nput . .
<wor kf | onBody>
<doWii | e nane="Conv" >
<l oopBody>
<activity nanme="LAPWD"
type="wi en: | apw0" >
<datalns .../>
<dat aQut s>
<dat aQut nane="kpoi nt"
type="xs:integer" saveto=""/>
</ dat aQut s>
</activity>
<par al | el For name="pf or LAPWL" >
<l oopCount er narne="t askNunber "
type="xs:integer"
from"1"
t o="LAPW/ kpoi nt"
step="1"/>

>

<l oopBody>
<activity nanme="LAPW"

type="wi en:lapwl" .../>
</ oopBody>
<dat aQut s>
<dat aQut name="enger gyFi | eCol "

type="agwl : col | ection"/>
narre="vect or Fi | eCol "
type="agw : col | ection"/>
name="scf 1Fi | eCol "
type="agw : col | ection"/>
</ dat aQut s>
</ paral | el For>
<activity name="LAPW2_FERM "
type="wi en: | apw2FERM " >
<datalns .../>
<dat aQut s>
<dat aQut nanme="wei ghFi | eCol "
type="agwl : col | ection"/>
</ dat aQut s>
</activity>

<dat aQut
<dat aQut

<paral | el For nane="pf or LAPV2" >
<dat al ns>
<dat al n name="ener gyFi | eCol "
type="agwl : col | ecti on"
sour ce="pf or LAPWL/ enger gyFi | eCol ">
<constrai nts>
<constraint nanme="di stribution"
val ue="BLOXK(1)"/>
</constrai nt s>
</ dat al n>
<dat al n name="vect or Fi | eCol "
type="agwl : col | ecti on"
sour ce="pf or LAPWL/ vect or Fi | eCol ">
<constrai nt s>
<constraint nane="di stribution"
val ue="BLOCK(1)"/>
</constrai nt s>
</ dat al n>
<dat al n name="wei ghFi | eCol "
type="agwl : col | ecti on"
sour ce="LAPW2_FERM / wei ghFi | eCol ">
<constrai nts>
<constrai nt nanme="di stribution"
val ue="BLOCK(1)"/>
</constrai nt s>
</dat al n>
</ dat al ns>
<l oopCount er name="t askNunber"
type="xs:integer"
from"1"
t o="LAPW/ kpoi nt"
step="1"/>
<l oopBody>
<activity nane="LAPW2"
type="wi en: | apW2TOr" .../>
</1 oopBody>
<dataQuts ..
</ paral | el For>
<activity name="Sunpara"
type="w en: sunpara" ...
<activity name="Lcore"
type="wien:lcore" ...
<activity name="M xer"
type="wi en: nm xer" >
<dat al ns>
<dat al n name="scf 1Fi | eCol "
type="agwl : col | ecti on"
sour ce="pf or LAPWL/ scf 1Fi | eCol ">
<constrai nt s>
<constraint nane="el enent-i ndex"
val ue="1"/>
</constrai nt s>
</ dat al n>
</ dat al ns>
<dataQuts ..
</activity>
<activity nanme="t est conv"
type="wi en: testconv" ..

>

/>

/>

>

>
</ oopBody>
<condition ..
</ doWwii | e>
</ wor kf | onBody>
</ agwl >

>

Asshavnin Fig. 12,wesigni cantly improvedtheperformances
for both problemsizesby usingcollectiondistribution constructs.
Speci cally, whenexecutingthe work o w with kpoint = 116 on
6 Grid sites,the numberof le transfersvasreducedoy 67% and
the executiontime was reducedby 30% comparedwith the exe-
cution without collection distribution. Accordingly we achieed
the speedumf 2:60 on 6 Grid sites,comparedvith the maximum
speedumf 1:96 achiesed on 4 Grid siteswhenno collectiondis-
tribution constructsare used. Similarly, in the casewherekpoint
is 252, therewas a 68% reductionin the numberof le transfers
and a 42% reductionin the executiontime when executingon 6
Grid sites. And the correspondingpeedupwvas 2:58 on 6 Grid
sites,comparedvith the maximumspeedupmf 1:74 achieredon 4
Grid siteswithout collectiondistribution. By usingthe collection
distribution constructsthe scalabilityof thework o w wasalsoim-
proved: becausef redundantle transfersthe work ow did not
scalefor morethan4 Grid sitesfor experimentswithout collection
distribution. Furthermorethereductionof the le transfemumber
andthe executiontime increasedwvith the increaseof the number
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Figure 12: Experimental resultsof the WIEN2k work o w
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of Grid sitesinvolved, especiallywhenkpointis 252. This is be-
causewhenaddingonemore Grid site, the entirecollectionsmust
be transferredo that Grid site for the executionof the loop itera-
tionson that Grid sitein caseno collectiondistribution constructs
areused. However, if we usethe correspondingollectiondistri-
bution constructdor the datacollectionsin thework ow, only the
les requiredby theiterationsschedule@nthatGrid siteneedo be
transferred.Whenincreasingthe problemsizeto kpoint = 252,
the numberof le transfersandthe correspondingsxecutiontime
werefurtherreducediueto anincreasedollectionsizefor increas-
ing problemsize.

Fig. 13illustratestwo stacledbarchartswhich shav the perfor
manceanalysisof the executionof the parallelFor construct
pforLAPW2on 5 Grid siteswhenkpoint = 252 The horizon-
tal axisis thetime line andthe vertical axis representsctuity in-
stancesFor eachactiity instancethetimesconsumeat different
stagege.g. Queuing,DataStagelnActive, etc.) areillustratedin a
horizontalbar. As illustratedin Fig. 13(a),thereexists signi cant
DataStagelrtime for the parallelFor constructpforLAPW2
which resultsin its total executiontime 713:61 secondsThetotal
executiontime of pforLAPW2is only 231:70 secondsvhenusing
collectiondistribution construct{seeFig. 13(b)). The bottom-left
blue partsin thetwo chartsrepresenthetime consumedy theac-
tivity instance®f theactvity LAPW2for waiting in thejob queue
of thework o w enactmenénginedueto thelack of CPUresources.

6.2 Resultsof the MeteoAG work o w

The MeteoAG work ow structureis illustratedin Fig. 9. The
correspondindAGWL representatiofs omitted hereto avoid re-
dundang. In this experiment,we ran the parallelForEach
constructpforEadhCasewith two parallel loop iterations(corre-
spondingo two simulationcases)eachof whichhastwo parall-
elFor constructswith 48 parallelloop iterations(corresponding
to 48 simulationtime steps). The experimentswere conducted
on six Grid sites: karwendel altix1, schafber, c703-2201c703-
pc450andhydra. We conductedhe experimentsn the sameway
asfor the WIEN2k work ow: rst runningthe work ow on the
fastesiGrid sites,thenincrementallyaddingthe slower Grid sites.

As illustratedin Fig. 14, we signi cantly improved the perfor
manceof this work ow applicationwhen using collection distri-
bution constructs. Comparedwith the executionon 6 Grid sites
without collectiondistribution, thenumberof le transfersvasre-
ducedby 77% andthe executiontime wasreducedoy 53% when
usingcollectiondistribution constructs Accordingly, we achiesed
the speedumf 2:31 on 6 Grid sites,comparedvith the maximum
speedupof 1:70 achieved on 4 Grid siteswithout collection dis-
tribution. And the work o w scalabilitywas alsoimproved when
usingcollectiondistribution constructs.

By usingcollectiondistribution constructsthe total numberof
le transferds reducedandthusthe performanceas improved. We
obseredsimilar behaior for the othertwo applicationswhich are
omittedhereto avoid redundang

7. CONCLUSIONS AND FUTURE WORK

Existing work doesnot provide a e xible dataset-orientedata
ow mechanisnmto meetthe complex data o w requirementof
scienti ¢ Grid work o w applications.In this paper we presented
an approachaspart of AGWL to solve this problemby introduc-
ing the conceptof data collection and the sophisticatedcollec-
tion distribution constructs. A datacollection is usedto model
a static or dynamic datasetat a high level of abstraction. The
collectiondistribution constructsare usedto mapdatacollections
to actvities andto distribute datacollectionsonto loop iterations.
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Figure 14: The MeteoAG experimental results



Thecollectiondistribution constructsarespeci ed throughAGWL
constraintsagwl:element-inde and agw!:distribution. Five col-
lection distribution constructsj.e. comaseparateatolon expres-
sions,BLOCK, BLOCK(S) BLOCK(S,LyandREPLICA(S)aredis-
cussed. With this approach AGWL enablesthe speci cation of
ne-grained dataset-orientedata o ws in variousscienti ¢ work-
o w domainssuchasmappingportionsof datacollectionsto activ-
ities, distribution of datacollectionsonto loop iterations,process-
ing multiple datacollectionswith one paralleliterative construct
independentlyn termsof how mary dataelementf eachcollec-
tion areprocessedh oneloopiteration.Our approactreducesiata
duplication,optimizesdatatransfershetweenwork ow actvities,
andthusimproveswork o w performanceslt alsosimpli es theef-
fort to port scienti ¢ applicationsontothe Grid. We demonstrated
our approachoy applyingit to four realworld Grid work ow ap-
plicationsandreportedthe experimentakesults.

With collectiondistribution constructsmoreadwanceddata o w
like data streamcan be supported:as soonas the requireddata
elementg(insteadof the entire datacollection) are producedand
readyto be processedthe correspondingubsequenactivity (the
consumer)anstart. We are implementingcollection-basedlata
streamsupportin ASKALON. Future extensionsto allow more
elaboratedatacollectiondistribution mechanismsuchasCYCLIC
andCYCLIC(SYistributionsaswell asdistributionsof nesteccol-
lectionsarealsobeinginvesticated.
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