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ABSTRACT
Existingwork doesnotprovidea�e xible dataset-orienteddata�o w
mechanismto meet the complex requirementsof scienti�c Grid
work�o w applications. In this paperwe presenta sophisticated
approachto this problemby introducinga datacollectionconcept
andthecorrespondingcollectiondistributionconstructs,whichare
inspiredby HPF, however appliedto Grid work�o w applications.
Basedon theseconstructs,more �ne-grained data �o ws can be
speci�ed at anabstractwork�o w languagelevel, suchasmapping
aportionof adatasetto anactivity, independentlydistributingmul-
tiple datasets,not necessarilywith the samenumberof dataele-
ments,onto loop iterations. Our approachreducesdataduplica-
tion, optimizesdatatransfersaswell assimpli�es theeffort to port
work�o w applicationsonto the Grid. We have extendedAGWL
with theseconceptsand implementedthe correspondingruntime
supportin ASKALON. We applyour approachto somerealworld
scienti�c work�o w applicationsandreportperformanceresults.
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1. INTRODUCTION
With the advent of Grid technologies,scientistsandengineers

arebuilding moreandmorecomplex applicationsto manageand
processlargedatasetsandto executescienti�c experimentson dis-
tributedGrid resources.Grid work�o w systemsplay a paramount
role in this process.It enablesscientiststo con�gure availableap-
plication componentsinto a work�o w of tasksand submit them
for executionon theGrid. Nowadays,many Grid work�o w frame-
worksandtoolshavebeendevelopedfor supportingscienti�c work-
�o w applications.

A Grid work�o w applicationcanbeseenasacollectionof com-
putationaltasksthat are processedin a well-de�ned order to ac-
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Figure1: Data �o w problems

complisha speci�c goal. Many control �o w constructshave been
identi�ed anddevelopedin Grid work�o w systemsto enableusers
to de�ne theexactexecutionorderof tasks.Theseconstructscan
be divided into four categories: sequential,parallel, conditional
and iterative constructs.With eachof theseconstructs,different
data�o ws canbespeci�ed. Data�o ws in scienti�c Grid work�o w
applicationsarecommonlycomplex becausedatasetsareinvolved.
For instance,ascienti�c applicationconsumesaportionof adataset
producedby anotherapplication,a paralleliterative constructcon-
sumesmultiple datasetsandeachof its loop iterationprocessesa
variablenumberof elementsin thedatasets.However, how datasets
andthecorrespondingdataelementscanbespeci�ed in data�o w
links, especiallyhow datasetscanbe distributedonto the parallel
loop iterations, is a problemnot suf�ciently addressedby most
Grid work�o w languages.Many Grid work�o w systemssolve the
problemby replicatingthe entiredatasetto activities or loop iter-
ations,or by restricting�le namesusedin datasetswhich reduces
thework�o w reusability. Fig. 1 illustratestheproblemthroughan
exampleof a parallelFor loop constructwhich acceptsa dataset
consistingof six dataelementsasinput to its four loop iterations.
Eachloop iterationproducesan outputdataelement. The paral-
lelFor constructhasa subsequenttaskA which requiresonly the
outputdataelementsproducedby iterations0 and2. Obviously,
more�e xible dataset-orienteddata�o w mechanismsareneededto
avoid redundantdatatransfers.

In this paperwe presenta sophisticatedapproachaspartof the
AbstractGrid Work�o w Language(AGWL) [7] to solve theprob-
lem by introducingthe conceptof data collectionand the corre-
spondingcollectiondistribution constructs,which areinspiredby



High PerformanceFortran(HPF) [9]. Thecorrespondingruntime
supporthasbeenimplementedin the ASKALON [6] Grid appli-
cationdevelopmentandcomputingenvironment.By usingour ap-
proach,more�ne-graineddata�o wscanbespeci�ed,datatransfers
areoptimizedandthusperformancesareimproved. The effort to
port scienti�c applicationsontoGrid canalsobesimpli�ed.

The remainderof this paperis organizedasfollows. Section2
presentsimportantrelatedwork. A brief overview of AGWL is
provided in Section3. Section4 discussesour approachin detail.
We apply thecollectiondistribution constructsto somerealworld
Grid work�o w applicationsin Section5 and report performance
resultsin Section6. Thepaperendswith ashortconclusionandan
outlineof thefuturework.

2. RELATED WORK
Many work�o w languagesandsystemsaredevelopedfor sup-

portingscienti�c Grid work�o w applications.We limit thissection
to selectedwork andcomparethemagainstoursolution.

TheChimeraVirtual DataSystem(VDS) [8] aimsto abstractthe
work�o w from the detailsof implementation. Its work�o ws ex-
pressedin Chimera's Virtual DataLanguage(VDL) areconverted
into Condor'sDAGMan[4] formatfor execution.While VDS sup-
portsiterationsover datasets,it is limited to operatingdatasets(or
slicesof datasets)oneelementby oneelement,throughthe fore-
ach statementin VDL. Taverna[13] is a datacentricwork�o w de-
velopmentenvironmentandhasno explicit iterative constructs.Its
work�o w languageSCUFL(SimpleConceptualUni�ed Flow Lan-
guage)providessupportfor processingdatacollectionsthroughan
implicit iterationmechanism,which is limited to the crossor dot
productof lists (collections)beingprocessed.The Keplerproject
[2] is basedon an actor-orientedmodelingparadigmwhere ac-
torscorrespondto re-usablework�o w components.Thework�o w
speci�cationis basedon thework�o w modelinglanguageMoML
(ModelingMarkupLanguage).Keplerusesamapoperatortoapply
a function,which operateson singletons,to collections. It is lim-
itedto processingonecollectionatatime. Morerecentlypublished
work [11] fromtheKeplerprojectfocusesonnested,especiallyhet-
erogeneousdatacollections.It usesreadscopeto specifyportions
of collectionsanditerationscopeto controliterationsof actions.Its
collectionoperationsarelimited to invoking actionsoncefor each
item, or oncefor theentirecollection. Triana[20] is an integrated
and genericwork�o w-basedgraphicalproblemsolving environ-
ment.TrianausesanXML basedlanguagesimilar to WebServices
DescriptionLanguage(WSDL).TheTrianawork�o w languagehas
no explicit supportfor control �o w constructs.Loopsandexecu-
tion branchingarehandledby speci�c components.The Karajan
[21] work�o w languagesupportsparallel iterations. ICENI [10]
(Imperial College e-ScienceNetwork Infrastructure)is a system
for work�o w speci�cation andenactmenton the Grid. However,
no �e xible dataset-orienteddata�o w is supportedin eitherof these
systems.ParallelComputingPatterns[14] identi�ed a dataparal-
lelism patternandits variantsstatic/dynamic/adaptivedataparal-
lelismfor Grid work�o ws. Thesepatternshaveacloserelationship
to the classicalmulti-instancework�o w pattern[16] and its vari-
ants.However, noneof thesepatternsre�ect BLOCK, BLOCK(S),
BLOCK(S,L)andREPLICA(S)collectiondistributionconstructsas
presentedin thispaper.

In a word, existing work commonlysuffers by one or several
of thefollowing drawbacks:no iterative constructs,no supportfor
processingdatasetsor portionsof datasets,andno �e xible dataset-
orienteddata�o w supportfor iterativeconstructs.In contrast,AGWL
supportsa rich set of control �o w constructs,including iterative
constructs,aswell asmappinga portionof a datacollectionto ac-

tivities or loop iterations. Furthermore,one iterative constructin
AGWL (e.g. the parallelFor or parallelForEach con-
struct, etc.) can also processmultiple data collectionsand each
datacollectioncanbeprocessedin anindependentway in termsof
how many dataelementsareprocessedin oneloop iteration.All of
thesefeaturescanbe speci�ed at the work�o w languagelevel by
domainusersto controlhow datasetsareprocessedby activities or
iterativeconstructs.

3. OVERVIEW OF AGWL
AGWL [7] is anXML-basedlanguagefor describingGrid work-

�o w applicationsat a high level of abstraction.It is themaininter-
faceto theASKALON [6] Grid applicationdevelopmentandcom-
puting environmentandhasbeenappliedto numerousreal world
Grid work�o w applications.AGWL hasbeendesignedsuchthat
userscan concentrateon specifying Grid work�o w applications
without dealingwith eitherthecomplexity of theGrid or any spe-
ci�c implementationtechnology(e.g. Web or Grid Service,soft-
warecomponentsor Java classes,etc.). AGWL work�o ws consist
of activities,control�o w constructs,data�o w links andproperties
andconstraints.

An AGWL activity canbeanatomicactivity or a compoundac-
tivity. An atomic activity is representedby an activity type and
input andoutputdataports. The input andoutputdataportsare
logical representationsof thecorrespondinginput andoutputdata.
The numberand the typesof the input andoutputdataportsare
determinedby the activity type. An activity type is an abstract
descriptionof agroupof activitydeployments(concreteimplemen-
tationsof computationalentitiesdeployedin theGrid) which have
the samefunctionality, probablydifferentperformancebehaviors.
Activity typesshieldtheimplementationdetailsof activity deploy-
mentsfrom theAGWL programmer. Locatingandinvoking activ-
ity deploymentsbasedonactivity typesaredoneby theunderlying
runtimesystem.An invocationof anactivity deploymentis called
an activity instance. AGWL activities are connectedby control
�o w constructsanddata�o w links.

AGWL allows a programmerto de�ne a graphof activities that
refer to computationaltasksor user interactions. A rich set of
control �o w constructs(compoundactivities) hasbeenprovided
in AGWL to simplify the speci�cation of Grid work�o w appli-
cationssuchassequence , parallel , if , switch , while ,
doWhile , for , forEach , parallelFor and parallel-
ForEach with semanticssimilarto comparableconstructsin high-
level programminglanguages.Thedag constructis alsoprovided
for describinga directedacyclic graphof activities. AGWL also
supportssub-work�o ws, which aresimilar to proceduresin high-
level programminglanguages.Sub-work�o ws areusedto modu-
larize,encapsulateandreusecoderegions. In the remainingtext,
activities refer to bothatomicactivities andcompoundactivities if
notexplicitly stated.

The data�o w in AGWL is expressedby data�o w links from
sourcedataports to sink dataports. A sourcedataport can be
an input dataport of the whole work�o w, an input dataport of a
compoundactivity (e.g.aparallelFor construct),or anoutput
dataport of an atomicactivity. A sink dataport canbe an output
dataportof thewholework�o w, anoutputdataportof acompound
activity, or aninputdataportof anatomicactivity.

Propertiesandconstraintscanbe de�ned in AGWL to provide
additionalinformation for work�o w runtimesystemsto optimize
andsteertheexecutionsof work�o w applications.Propertiespro-
vide hints aboutthe behavior of activities andconstraintsshould
becompliedwith by theunderlyingwork�o w runtimesystem.The
usercanspecifypropertiesandconstraintsfor both activities and



Figure2: Thr eeAGWL data �o w links

dataports.
To enablereadersto understandthecollectiondistribution con-

structspresentedin this paper, theAGWL data�o w modelis fur-
ther explained in the following paragraph(refer to [7] for more
detailedinformationonAGWL).

Data Flow Model Unlike many otherwork�o w languages,e.g.
the SCUFL usedin Taverna[13], the work�o w languageof Tri-
ana[20], the WSBPEL [12] from OASIS, etc., AGWL doesnot
have anexplicit XML tag like <link> or <connection> . In-
stead,data�o w links arespeci�edby settingthesource attributes
of sink dataports to sourcedataports,which is easierto usebut
providessimilarexpressivepower. Thesource attributeof asink
dataportcanbespeci�edin theform of activity-name/sou-
rce-data-port-name , wherethe activity-name canbe
thenameof thework�o w, thenameof a compoundactivity or the
nameof an atomicactivity. Ex. 1 illustratesthreedata�o w links
andoneconstraint(thecorrespondinggraphicalrepresentationis il-
lustratedin Fig.2 with thedashedlinesshowing thethreedata�o w
links andthetext besidetheseconddata�o w link showing thecon-
straint): thedata�o w link (1) �o ws from the input dataport inWf
(line 3), thelogicalrepresentationof the�les gsiftp://host//dir/�le1,
..., gsiftp://host//dir/�len, of the work�o w sampleWfto the input
dataport inPfCol (line 10) of the parallelFor compoundac-
tivity pfor. Thesource attributeof thesink dataport inPfCol is
setto sampleWf/inWf(line 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
that thedataelementsof thecollection(i.e. the �les) aremapped
pairwiseto thecorrespondingparallelloopiterationsandconsumed
by theactivity activityAthroughits input dataport inAct (line 23).
The constraintagwl:distribution and its valueBLOCK(2)aswell
asthedatatypeagwl:collection areexplainedin Section4.
Thedata�o w link (3) is similar to (1). Thedata�o w links from/to
sub-work�o ws, which aresimilar to theonesfrom/to a compound
activity likeaparallelFor , areomittedhere.

Example1. Thr eeAGWL data �o w links

1 <agwl name=" sampl eWf " >
2 <wor kf l owI nput >
3 <dat aI n name=" i nWf " t ype=" agwl : col l ect i on"
4 sour ce=" gsi f t p: / / host / / di r / f i l e1, . . . ,
5 gsi f t p: / / host / / di r / f i l en" / >
6 </ wor kf l owI nput >
7 <wor kf l owBody>
8 <par al l el For name=" pf or " >
9 <dat aI ns>

10 <dat aI n name=" i nPf Col " t ype=" agwl : col l ect i on"
11 sour ce=" sampl eWf / i nWf " >
12 <const r ai nt s>

13 <const r ai nt name=" agwl : di st r i but i on"
14 val ue=" BLOCK( 2) " / >
15 </ const r ai nt s>
16 </ dat aI n>
17 </ dat aI ns>
18 <l oopCount er name=" i ndex" t ype=" xs: i nt eger "
19 f r om=" 1" t o=" 10" st ep=" 1" / >
20 <l oopBody>
21 <act i vi t y name=" act i vi t yA" t ype=" . . . " >
22 <dat aI ns>
23 <dat aI n name=" i nAct " t ype=" agwl : col l ect i on"
24 sour ce=" pf or / i nPf Col " / >
25 </ dat aI ns>
26 <dat aOut s>
27 <dat aOut name=" out Act " t ype=" agwl : f i l e" / >
28 </ dat aOut s>
29 </ act i vi t y>
30 <act i vi t y name=" act i vi t yB" t ype=" . . . " >
31 <dat aI ns>
32 <dat aI n name=" i nAct " t ype=" agwl : f i l e"
33 sour ce=" act i vi t yA/ out Act " / >
34 </ dat aI ns>
35 <dat aOut s>
36 <dat aOut name=" out Act " t ype=" agwl : f i l e" / >
37 </ dat aOut s>
38 </ act i vi t y>
39 </ l oopBody>
40 <dat aOut s . . . / >
41 </ par al l el For>
42 </ wor kf l owBody>
43 <wor kf l owOut put . . . / >
44 </ agwl >

4. DATA COLLECTIONS AND COLLECTION
DISTRIB UTION CONSTRUCTS

Scienti�c work�o ws usually involve large andcomplex dataset
processing.For instance,a scienti�c applicationconsumesa por-
tion of a datasetproducedby anotherapplication,a parallelitera-
tive constructproducesdatasetsbasedon their input, or a parallel
iterative constructconsumesmultiple datasetsandeachof its loop
iterationprocessesa variablenumberof dataelementsof different
datasets.In this section,we describeAGWL datacollectionsand
explain how data collectionscan be mappedto activities or dis-
tributedonto loop iterationsby usingcollectiondistribution con-
structs.

4.1 Data collections
Datasetsin scienti�c work�o ws may containstaticor dynamic

(unknown at compositiontime) numberof dataelements.Model-
ing at the Grid work�o w languagelevel eachelementin datasets
with a logical dataport canbeawkwardandoften impossible.To
solve this problem,AGWL introducestheconceptof datacollec-
tion (Fig.3) to modeldatasetsin scienti�c Grid work�o wsatahigh
level of abstraction.

0 1 2 3 4 n-1

a

Figure3: A data collectiona with n data elements

AGWL datacollectionis a logical datarepresentationof phys-
ical data. It is de�ned as a data type agwl:collection in
AGWL, whereagwl is the namespaceusedin XML representa-
tionsof AGWL work�o ws. A dataportwith typeof agwl:coll-
ection representsan orderedlist of dataelementsprovided by
domainusersas the initial input of a work�o w or producedby
work�o w activities asan intermediateresult. The numberof the
dataelementscontainedin a datacollectionmaybedynamic.The
dataelementsin a datacollection are logical representationsof
physicaldata,whichcanbe�les in a�le system,dataretrievedfrom



a relationaldatabase,or primitive datasuchasintegers or strings
in the memoryof the underlyingwork�o w runtimesystem.Files
will beusedin thefollowing sectionsto demonstrateourapproach.
Dataelementscanbe accessedwith their indicesin the enclosing
datacollection.

To portscienti�c applications,especiallytheonesproducingdy-
namicoutputdatasets,ontotheGrid,oneof thecommonapproaches
is to write somewrappingcodesuchasto tar a setof output�les
into atar �le. Thiskind of wrappingcodeis not �e xible in thecase
whereonly a portionof thedatasetis required.Thereusabilityof
thewrappingcodeis alsolimited. In contrast,theAGWL datacol-
lectionpresentedhereprovidesamore�e xible solutionandavoids
this kind of wrappingcode. Thusour approachis a valuablecon-
tribution to simplify portingwork�o w applicationsontotheGrid.

4.2 Collection distrib ution constructs
AGWL provides two built-in constraintsfor specifyingcollec-

tion distributionconstructs:agwl:element-index andagwl:distribu-
tion (Thenamespaceagwl is omittedin thefollowing text to avoid
redundancy). Theconstraintelement-index is usedto specifypor-
tionsof datacollectionsandit canbeusedfor dataportsof activi-
ties.Theconstraintdistribution is usedto partitiondatacollections
into blockswhich arethendistributedonto loop iterations.While
theconstraintdistribution canbeusedfor bothsequentialandpar-
allel iterativeconstructs,weonly focusontheparalleliterativecon-
structsin theremainderof thispaper.

Thevalueof theconstraintelement-index is a list of comasep-
aratedcolon expressions.The syntaxis de�ned by the following
grammar, wheree denotestheelementindex, c acolonexpression,
s1 astartindex, s2 astopindex, s3 astride:

e ::= c[; c] �

c ::= s1 [: s2 [: s3 ] ]

For example,theconstraintelement-index=1,3,6:10:2speci�esthe
dataelementsassociatedwith index 1,3,6,8,10in the sourcedata
collection.Notethatin theabsenceof theconstraintelement-index,
theentiredatacollectionis speci�ed.

To distribute datacollectionsonto parallel loop iterations,we
reusedideasfromHighPerformanceFortran(HPF)[9], wheresome
directivesareusedto mapa dataarrayinto a processorsarray. In
AGWL, a datacollection is an orderedlist of dataelements,i.e.
a one-dimensionalarray. Parallel loop iterationscanalsobe con-
sideredasa one-dimensionalarray, which we denoteby iteration
array. Thustheproblemcanbeformulatedashow to mapa one-
dimensionalarrayof dataelements(a datacollection) to another
one-dimensionalarray of iterations(an iteration array). AGWL
supportsthe following collectiondistribution constructs:BLOCK,
BLOCK(S), BLOCK(S,L) and REPLICA(S), which are speci�ed
throughthe constraintdistribution of input dataports of parallel
iterative constructs(seeEx. 1). Thesefour collectiondistribution
constructsareprocessedat runtime to determinewhich elements
of a datacollectionaredistributedonto which iteration. We ex-
plain thesefour collection distribution constructsin detail in the
following sectionsassumingthat all dataelementsin datacollec-
tions aredistributedonto at leastoneiteration. It is possiblethat
someiterationsmay not be assignedto any dataelement. In the
casewherenotall dataelementsin adatacollectionarerequiredto
bedistributedontoparallelloop iterations,asubsetof thedatacol-
lectioncanbeobtainedthroughtheconstraintelement-index. The
constraintelement-index hashigherpriority thantheconstraintdis-
tributionwhenbothof themarespeci�edfor thesamedataport.

In orderto expresscollectiondistributions,we assumethatany
collection C with jCj dataelementsis associatedwith an index

C adatacollection
jCj theelementnumberof C
J C theindex domainof C

I aniterationarray
jI j theiterationnumberof I
K I theindex domainof I

i anindex
[i 1 : i 2 ] a setof indices,de�ned by [i 1 : i 2 ] := f i ji 1 � i � i 2g

� (i ) a functionmappingindicesof C to indicesof I

Table1: Notations

domainJ C which is de�ned by a setof integersf i j0 � i < jCjg.
Theindex domainJ C providesanunambiguousnamefor thedata
elementsin thedatacollection.Let J C denoteanindex domainof
adatacollectionC, K I anindex domainof aniterationarrayI , the
collectiondistributionproblemcanbefurtherformulatedashow to
mapJ C to K I . Thenotationsusedin theexplanationof thefour
collectiondistributionconstructsaresummarizedin Table1.

4.2.1 BLOCKdistribution
BLOCK distribution partitions a data collection C into equal

sized,contiguousblocksanddistributeseachof themonto a dif-
ferentiterationof an iterationarrayI . Thesizeof eachiteration's
block is determinedby the elementnumberjCj andthe iteration
numberjI j.

De�nition 1. BLOCK distribution of a datacollectionC is a func-
tion � : J C ! K I that partitions thedatacollectionC into b =�

j C j�
j C j
j I j

�
�

contiguousblocks of size s =
l

j C j
j I j

m
which are dis-

tributed onto the �r st b iterations, with 0 � b < jI j, and, if
jCj mod s 6= 0, one additional block with jCj mod s elements
which aredistributedontothelast iterationwith index b. Thefunc-
tion is givenby:

� (i ) =

( $
i

l
j C j
j I j

m

%�
�
� 0 � i < jCj

)

Fig. 4 illustratesthedistribution of a datacollectionwith jCj =
12 dataelementsonto jI j = 4 loop iterationsbasedon thecollec-
tion distributionconstructBLOCK, whereeachiterationis assigned
to ablockof threedataelements.

0 1 2 3 4 5 6 7 8 9 10 11

iteration 0 iteration 1 iteration 2 iteration 3

Figure4: The BLOCK distrib ution

4.2.2 BLOCK(S)distribution
While BLOCKdistributionpartitionsadatacollectioninto equal

sizedblocks(exceptthatthelastonemayhaveasmallersize)based
on the iterationnumber, it is morecommonin scienti�c applica-
tions to partitiona datacollectioninto �x edsizedblocks. For ex-
ample,three�les areproducedin eachtime stepof a simulation
process,and the three�les of one time stepare requiredby the
subsequentcomputationwhich is enclosedin the loop body of a



parallel loop construct. BLOCK(S)is provided for this purpose,
with theintegerparameterS specifyingthe�x edblocksize.

De�nition 2. BLOCK(S) distribution of a data collectionC is a
function� : J C ! K I that partitions the data collectionC into

b =
j

j C j
S

k
contiguousblocksof sizeS which are distributedonto

the�r stb iterations,with 0 � b < jI j, and,if jCj mod S 6= 0, one
additional block with jCj mod S elementswhich are distributed

onto the next iteration with index b. We require S �
l

j C j
j I j

m
to

ensure that all data elementsin the collection C are distributed
onto at least one iteration. All other iterations (if any) are not
assignedto anydataelements.Thefunctionis givenby:

� (i ) =
��

i
S

� �
� 0 � i < jCj ^ S �

�
jCj
jI j

� �

Fig. 5 illustratesthedistribution of a datacollectionwith jCj =
12 elementsonto jI j = 3 iterationsbasedon the collectiondis-
tribution constructBLOCK(5), whereiteration 0 is assignedto a
blockof � vedataelementswith index [0 : 4], iteration1 ablockof
� ve dataelementswith index [5 : 9], andthe last iterationa block
of two dataelementswith index [10 : 11], respectively.

0 1 2 3 4 5 6 7 8 9 10 11

iteration 0 iteration 1 iteration 2

Figure5: The BLOCK(5)distrib ution

4.2.3 BLOCK(S,L)distribution
BLOCK distribution andBLOCK(S)distribution partitiona data

collectioninto equalsized,contiguousblocks(exceptthat the last
onemay have a smallersize)which doesnot involve replication.
For someapplications,an overlapbetweenneighboringblocks is
required.For example,anapplicationwhich processesthe �les of
a certaintime stepmayalsoneedthe �les from theprevious time
step. For this purpose,BLOCK(S,L)is provided with the integer
parameterS specifyingthe block size,andthe integer parameter
L specifyingthe sizeof the overlappedpart betweenneighboring
blocks.

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

into b =
j

j C j� L
S � L

k
overlappedblocks of sizeS (with an overlap

of sizeL betweeneach two neighboringblocks) which are dis-
tributed onto the �r st b iterations, with 0 � b < jI j, L < S,
and, if (jCj � L ) mod (S � L ) 6= 0, oneadditional block with
jCj � b � (S � L ) elementsaredistributedontothenext iteration

with index b. Werequire
l

j C j� L
S � L

m
� jI j to ensurethatall dataele-

mentsin thecollectionC aredistributedontoat leastoneiteration.
All other iterations(if any)are not assignedto anydataelements.
Thefunctionreturninga setof iteration indicesis givenby:

� (i ) =
�

[� (i )min : � (i )max ]
�
� 0 � i < jCj

^ L < S ^
�

jCj � L
S � L

�
� jI j

�

where

� (i )min =
�

max
�

0;
�

i � L
S � L

�� �
�
� 0 � i < jCj

^ L < S ^
�

jCj � L
S � L

�
� jI j

�

� (i )max =
�

min
� �

i
S � L

�
; jI j � 1

� �
�
� 0 � i < jCj

^ L < S ^
�

jCj � L
S � L

�
� jI j

�

Fig. 6 illustratesthedistribution of a datacollectionwith jCj =
12 elementsonto jI j = 3 iterationsbasedon the collectiondis-
tribution constructBLOCK(6,3), whereiteration0 is assignedto 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], respectively. Thedataelements
with index 3,4,5aredistributedontoboth iteration0 anditeration
1 andthedataelementswith index 6,7,8aredistributedontoboth
iteration1 anditeration2.

0 1 2 3 4 5 6 7 8 9 10 11

iteration 0
iteration 1

iteration 2

overlap between
iteration 0 and 1

overlap between
iteration 1 and 2

Figure6: The BLOCK(6,3)distrib ution

4.2.4 REPLICA(S)distribution
BLOCK distribution, BLOCK(S)distribution and BLOCK(S,L)

distribution arenormallyusedwhenjCj � jI j. However, in some
cases,a smallernumberof dataelementsareneededto be repli-
catedontoa largernumberof loop iterations.To supportthis kind
of datadistribution, REPLICA(S)distribution (we considerit asa
specialdistribution) is providedwith theintegerparameterS spec-
ifying ontohow many iterationseachdataelementin adatacollec-
tion shouldbereplicated.

De�nition 4. REPLICA(S) distribution of a data collectionC is
a function� : J C ! K I that replicateseach dataelementin the
datacollectionC, S timeswhich are distributedontothe�r st b =

S � jCj iterations,with 0 � b < jI j. We require S �
j

j I j
j C j

k
to

ensurethatall replicateddataelementsaredistributedontoat least
oneiteration. All other iterations(if any)are not assignedto any
data elements.Thefunctionreturninga setof iteration indicesis
givenby:

� (i )=
�

�
S � i : S � (i + 1) � 1

� �
� 0 � i < jCj ^ S �

�
jI j
jCj

��

Fig.7 illustratesthedistributionof adatacollectionwith jCj = 3
elementsontojI j = 12 iterationsbasedon thecollectiondistribu-
tion constructREPLICA(4), whereiterationswith index [0 : 3] are
assignedto the dataelementwith index 0, iterationswith index
[4 : 7] thedataelementwith index 1, iterationswith index [8 : 11]
thedataelementwith index 2, respectively.

Note that both the constraintelement-index and the constraint
distributioncanbespeci�edfor aninputdataportof aparalleliter-
ative construct,anda paralleliterative constructcanhave asmany
input dataports as needed.Thus AGWL supportsprocessingof
multiple collectionswith oneparallel iterative constructandeach
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Figure7: The REPLICA(4) distrib ution

Figure8: The WIEN2k work�o w

collection,whichmayhave differentnumberof dataelements,can
beprocessedindependentlybasedon theassociatedcollectiondis-
tributionconstructs.

5. CASE STUDY
In this section,we apply the collection distribution constructs

presentedin Section4 to four realworld scienti�c Grid work�o w
applications:(1) thematerialscienceapplicationWIEN2k [3], (2)
the meteorologyapplicationMeteoAG [18], (3) the astrophysics
applicationAstroGrid [17], and (4) the astrophysics application
GRASIL [19].

5.1 WIEN2k
WIEN2k [3] is a programpackagefor performing electronic

structurecalculationsof solidsusingdensityfunctionaltheory. The
programswhichcomposetheWIEN2k packagearetypically orga-
nized in the work�o w illustratedin Fig. 8. The activity LAPW1
andthe activity LAPW2canbe executedin parallel,speci�ed by
paralleliterative constructs.Thenumberof parallelloop iterations
of eachparalleliterative constructis determinedby kpoint, which
is the outputof the activity LAPW0. We only focus on the data
portswith typeof agwl:collection in thework�o w here. A
detailedexplanationof the whole work�o w can be found in [7].
In this work�o w, the parallelFor constructpforLAPW1pro-
ducesthree data collections: energyFileCol, vectorFileCol, and
scf1FileCol. The atomic activity LAPW2_FERMIconsumesthe
datacollectionenergyFileCol andproducesanotherdatacollection
weighFileCol. The four data�o w links (the labeleddashedlines
in Fig. 8) with their associatedcollection distribution constructs
specify how thesedatacollectionsare consumedby subsequent

Figure9: The MeteoAG work�o w

activities. The data �o w links (1), (2) and (3) eachhasa con-
straintdistribution=BLOCK(1)in its sourcedataport. Thesecon-
straintsspecifythat for eachloop iterationofthe parallelFor
constructpforLAPW2, only onedataelementof thecorresponding
datacollection(energyFileCol, vectorFileCol or weighFileCol) is
required. This exampleshows how a parallelFor construct
canprocessmultiple datacollections.Note that, in this case,it is
not requiredthatall datacollectionsmusthave thesamenumberof
dataelements.The iterationnumberof the parallelFor con-
structpforLAPW2is decidedneitherby theiterationnumberof the
parallelFor constructpforLAPW1nor by theelementnumber
of the datacollectionweighFileCol. Instead,the parallelFor
constructpforLAPW2hasits own loop counterfor this purpose.
Webelievethisapproachis more�e xible thanthosedescribedin re-
latedwork. Thedata�o w link (4) hasaconstraintelement-index=0
in its sinkdataportbecausetheactivity Mixer only requiresthe�rst
dataelementin thedatacollectionscf1FileCol.

Note that without the constraintdistribution, all dataelements
in the collectionsenergyFileCol, vectorFileCol andweighFileCol
would have to be transferredat runtime to the Grid site where
eachactivity LAPW2will be executed,which would result in re-
dundantdata transfers. The sameholds for the data collection
scf1Collection. The AGWL representationof the WIEN2k work-
�o w andthe performanceimprovementwith thesecollectiondis-
tributionconstructsarediscussedin Section6.1.

5.2 MeteoAG
MeteoAG [18] is ameteorologysimulationapplicationbasedon

the numericalmodel RAMS [5]. The simulationsproducepre-
cipitation �elds of heavy precipitationcasesover thewesternpart
of Austria at a spatialandtemporalgrid in order to resolve most



Figure10: The AstroGrid work�o w

alpinewatershedsandthunderstorms.Fig. 9 illustratesthe work-
�o w structurewith two labeleddashedlinesshowing the interest-
ing data�o w links. Consideringthedata�o w link (1) in thiswork-
�o w, theactivity rams_histproducesin eachtimesteptwogrid �les
(basedon theinput parameterNGRIDwhich is speci�ed in thein-
put �le, NGRID=2in thiscase)andonehead�le, whichwedenote
by two datacollections:gridFiles, headFiles. For eachrun of an
iterationof theparallelForEach constructpfeRevuDump, the
activity revu_dumprequiresthe�les of onetimestep(two grid �les
anda head�le) producedby theactivity rams_hist. Thecollection
distribution constructsBLOCK(2)andBLOCK(1)areusedhereto
ful�ll thedata�o w requirements.

The data�o w link (2) in this work�o w is a good exampleto
demonstrateBLOCK(S,L)distribution. Similarastheactivity rams-
_hist, theactivity rams_makev�le producestwo grid �les andone
tag �le in eachtime step. Again, we denotethem by two data
collections:gridFiles, tagFiles. For eachrun of aniterationof the
parallelForEach constructpfeRamsInit, theactivity rams_init
requiresnot only the�les of thecurrenttime stepbut alsothoseof
theprevious time step. Therefore,the collectiondistribution con-
structsBLOCK(4,2)andBLOCK(2,1)canbeusedrespectively for
the distribution of the two datacollectionsgridFiles andtagFiles
ontotheparallelloop iterations.

Both examplesin the work�o w MeteoAG also show that how
multiple datacollectionscanbeprocessedby oneparalleliterative
constructindependentlyin termsof how many dataelementsof
eachdatacollectionareprocessedin oneloop iteration. The per-
formanceresultswith thesecollection distribution constructsare
discussedin Section6.2.

5.3 AstroGrid
The AstroGrid [17] applicationis aboutnumericalsimulations

of themovementsandinteractionsof galaxyclustersbasedon N-
Bodysystems.Thecomputationstartswith thestateof theuniverse
atsometimein thepastandis doneto thecurrenttime. Galaxypo-
tentialsarecomputedfor eachtime step. Thenthehydrodynamic
behavior andprocessesarecalculated.The work�o w structureis

Figure11: The GRASIL work�o w

illustrated in Fig. 10. Consideringthe data �o w link illustrated
with the dashedline, the activity nbodyproducestwo datacol-
lections: t00Files, consistingof multiple t00 �les, anddataFiles,
consistingof multiple data �les. Onet00 �le is producedat each
time step. Onedata �le is producedwhenevery four t00 �les are
available.For eachrunof aniterationof theparallelForEach
constructpfePoten, theactivity potenrequiresonet00 �le andthe
correspondingdata �le. While the datacollection t00Files is it-
eratedover by the parallelForEach constructpfePoten, the
datacollectiondataFiles is distributedbasedon thecollectiondis-
tribution constructREPLICA(4), which speci�es that every data
�le shouldbereplicatedfour timesthendistributedontothecorre-
spondingloop iterations.

5.4 GRASIL
GRASIL [19] is an applicationto calculatethe spectralenergy

distribution (SED)of galaxieslying in acertain�eld of view (light
cone)rangingfrom now backto shortlyafter thebeginningof the
universe.The work�o w structureis very simpleandis illustrated
in Fig. 11. The activity init producesa datacollection, in which
eachdataelementcorrespondsto thedataabouta speci�c galaxy.
The datacollection is then processedby a parallelFor con-
structpforGalaxy, which usestheconstraintdistribution=BLOCK
to distribute the input collectiononto its loop iterations. The ac-
tivity grasil is designedto accepta datacollectionwith a variable
numberof galaxiesandcalculateseachof them,which make the
work�o w immuneto the changesof the elementnumberof the
datacollectionproducedby the activity init. Thus the work�o w
reusabilityis improved.

6. EXPERIMENT AL RESULTS
We have implementedall collectiondistribution constructsde-

scribedin this paperandintegratedthemin the ASKALON Grid
environment,which is themainGrid applicationdevelopmentand
computingenvironment for the Austrian Grid infrastructure[1].
Throughour UML basedGrid work�o w modelingtool [15], the
domainuserscan develop AGWL basedGrid work�o w applica-
tions,includingtheselectionof correctcollectiondistributioncon-
structs.We have conductedtheexperimentsof theWIEN2k work-
�o w andtheMeteoAG work�o w. Thesizesof the�les in thedata
collectionsusedin our experimentsrangefrom several kilobytes
to severalmegabytes.In bothexperiments,we measuredthenum-
berof �le transfersandtheexecutiontime andcomparedthemfor
two cases:(1) without collectiondistribution constructsspeci�ed
(denotedby withoutdatacollectiondistribution), and(2) with col-
lectiondistribution constructsspeci�ed (denotedby with datacol-
lectiondistribution). Thecorrespondingresultsarepresentedin the



Grid Site CPU # GHz JobMgr Location

karwendel
DualCore

AMD
Opteron

8 2.4 SGE Innsbruck

c703-pc2201 Pentium4 8 2.8 Torque Innsbruck
c703-pc2509 Pentium4 8 2.8 Torque Innsbruck

schafberg Itanium2 8 1.4 PBS Salzburg
altix1 Itanium2 8 1.4 PBS Innsbruck

c703-pc450 Pentium4 8 1.8 Torque Innsbruck
hydra AMD Athlon 8 1.67 Torque Linz

Table2: The Austrian Grid testbed

following sections.A subsetof thecomputationalresourceswhich
havebeenusedfor theexperimentsis summarizedin Table2.

6.1 Resultsof the WIEN2k work�o w
The WIEN2k work�o w structureis illustratedin Fig. 8 in Sec-

tion5.1,andthecorrespondingAGWL representationis depictedin
Ex. 2 (for simplicity, detailsnot relatedto collectionsareomitted).
Sincetheintegerdataport kpointproducedby theactivity LAPW0
determinestheiterationnumberof theparallelFor constructs
pforLAPW1andpforLAPW2(line 16 and line 69), which further
determinesthesizeof thedatacollectionsmentionedin Section5.1,
we performedtwo seriesof experimentsfor theWIEN2k applica-
tion, correspondingto two differentproblemsizes:kpoint = 116
andkpoint = 252. Theexperimentswereconductedon six Grid
sites: karwendel, c703-2201, c703-2509, schafberg, c703-pc450
and hydra. For eachproblemsize, we �rst executedthe work-
�o w on the fastestGrid site karwendel. Then,we incrementally
addednew Grid sitesto investigate whetherwe can improve the
performanceof the work�o w applicationby increasingthe avail-
ablecomputationalGrid resources.

Example2. The AGWL representationof the WIEN2k work�o w

1 <?xml ver si on=" 1. 0" encodi ng=" UTF- 8" ?>
2 <agwl name=" WI EN2k" >
3 <wor kf l owI nput . . . / >
4 <wor kf l owBody>
5 <doWhi l e name=" Conv" >
6 <l oopBody>
7 <act i vi t y name=" LAPW0"
8 t ype=" wi en: l apw0" >
9 <dat aI ns . . . / >

10 <dat aOut s>
11 <dat aOut name=" kpoi nt "
12 t ype=" xs: i nt eger " savet o=" " / >
13 </ dat aOut s>
14 </ act i vi t y>
15 <par al l el For name=" pf or LAPW1" >
16 <l oopCount er name=" t askNumber "
17 t ype=" xs: i nt eger "
18 f r om=" 1"
19 t o=" LAPW0/ kpoi nt "
20 st ep=" 1" / >
21 <l oopBody>
22 <act i vi t y name=" LAPW1"
23 t ype=" wi en: l apw1" . . . / >
24 </ l oopBody>
25 <dat aOut s>
26 <dat aOut name=" enger gyFi l eCol "
27 t ype=" agwl : col l ect i on" / >
28 <dat aOut name=" vect or Fi l eCol "
29 t ype=" agwl : col l ect i on" / >
30 <dat aOut name=" scf 1Fi l eCol "
31 t ype=" agwl : col l ect i on" / >
32 </ dat aOut s>
33 </ par al l el For>
34 <act i vi t y name=" LAPW2_FERMI "
35 t ype=" wi en: l apw2FERMI " >
36 <dat aI ns . . . / >
37 <dat aOut s>
38 <dat aOut name=" wei ghFi l eCol "
39 t ype=" agwl : col l ect i on" / >
40 </ dat aOut s>
41 </ act i vi t y>

42 <par al l el For name=" pf or LAPW2" >
43 <dat aI ns>
44 <dat aI n name=" ener gyFi l eCol "
45 t ype=" agwl : col l ect i on"
46 sour ce=" pf or LAPW1/ enger gyFi l eCol " >
47 <const r ai nt s>
48 <const r ai nt name=" di st r i but i on"
49 val ue=" BLOCK( 1) " / >
50 </ const r ai nt s>
51 </ dat aI n>
52 <dat aI n name=" vect or Fi l eCol "
53 t ype=" agwl : col l ect i on"
54 sour ce=" pf or LAPW1/ vect or Fi l eCol " >
55 <const r ai nt s>
56 <const r ai nt name=" di st r i but i on"
57 val ue=" BLOCK( 1) " / >
58 </ const r ai nt s>
59 </ dat aI n>
60 <dat aI n name=" wei ghFi l eCol "
61 t ype=" agwl : col l ect i on"
62 sour ce=" LAPW2_FERMI / wei ghFi l eCol " >
63 <const r ai nt s>
64 <const r ai nt name=" di st r i but i on"
65 val ue=" BLOCK( 1) " / >
66 </ const r ai nt s>
67 </ dat aI n>
68 </ dat aI ns>
69 <l oopCount er name=" t askNumber "
70 t ype=" xs: i nt eger "
71 f r om=" 1"
72 t o=" LAPW0/ kpoi nt "
73 st ep=" 1" / >
74 <l oopBody>
75 <act i vi t y name=" LAPW2"
76 t ype=" wi en: l apw2TOT" . . . / >
77 </ l oopBody>
78 <dat aOut s . . . / >
79 </ par al l el For>
80 <act i vi t y name=" Sumpar a"
81 t ype=" wi en: sumpar a" . . . / >
82 <act i vi t y name=" Lcor e"
83 t ype=" wi en: l cor e" . . . / >
84 <act i vi t y name=" Mi xer "
85 t ype=" wi en: mi xer " >
86 <dat aI ns>
87 <dat aI n name=" scf 1Fi l eCol "
88 t ype=" agwl : col l ect i on"
89 sour ce=" pf or LAPW1/ scf 1Fi l eCol " >
90 <const r ai nt s>
91 <const r ai nt name=" el ement - i ndex"
92 val ue=" 1" / >
93 </ const r ai nt s>
94 </ dat aI n>
95 </ dat aI ns>
96 <dat aOut s . . . / >
97 </ act i vi t y>
98 <act i vi t y name=" t est conv"
99 t ype=" wi en: t est conv" . . . / >

100 </ l oopBody>
101 <condi t i on . . . / >
102 </ doWhi l e>
103 </ wor kf l owBody>
104 </ agwl >

Asshown in Fig.12,wesigni�cantly improvedtheperformances
for bothproblemsizesby usingcollectiondistribution constructs.
Speci�cally, whenexecutingthework�o w with kpoint = 116 on
6 Grid sites,thenumberof �le transferswasreducedby 67% and
the executiontime was reducedby 30% comparedwith the exe-
cution without collectiondistribution. Accordingly, we achieved
thespeedupof 2:60 on 6 Grid sites,comparedwith themaximum
speedupof 1:96 achieved on 4 Grid siteswhenno collectiondis-
tribution constructsareused. Similarly, in the casewherekpoint
is 252, therewasa 68% reductionin the numberof �le transfers
anda 42% reductionin the executiontime whenexecutingon 6
Grid sites. And the correspondingspeedupwas 2:58 on 6 Grid
sites,comparedwith themaximumspeedupof 1:74 achievedon 4
Grid siteswithout collectiondistribution. By usingthe collection
distributionconstructs,thescalabilityof thework�o w wasalsoim-
proved: becauseof redundant�le transfers,the work�o w did not
scalefor morethan4 Grid sitesfor experimentswithout collection
distribution. Furthermore,thereductionof the�le transfernumber
andthe executiontime increasedwith the increaseof the number
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(a)File transfer(kpoint=116)
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(b) File transfer(kpoint=252)
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(c) Executiontime (kpoint=116)
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(d) Executiontime (kpoint=252)
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(e)Speedup(kpoint=116)
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(f) Speedup(kpoint=252)

Figure12: Experimental resultsof the WIEN2k work�o w
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Figure13: Performanceanalysisof the executionof the parallelFor construct pforLAPW2on 5 Grid sites(kpoint=252)



of Grid sitesinvolved,especiallywhenkpoint is 252. This is be-
causewhenaddingonemoreGrid site,theentirecollectionsmust
be transferredto that Grid site for the executionof the loop itera-
tionson thatGrid site in caseno collectiondistribution constructs
areused. However, if we usethe correspondingcollectiondistri-
bution constructsfor thedatacollectionsin thework�o w, only the
�les requiredby theiterationsscheduledonthatGrid siteneedto be
transferred.Whenincreasingthe problemsizeto kpoint = 252,
the numberof �le transfersandthe correspondingexecutiontime
werefurtherreduceddueto anincreasedcollectionsizefor increas-
ing problemsize.

Fig. 13 illustratestwo stackedbarchartswhichshow theperfor-
manceanalysisof the executionof the parallelFor construct
pforLAPW2on 5 Grid siteswhenkpoint = 252. The horizon-
tal axis is the time line andtheverticalaxis representsactivity in-
stances.For eachactivity instance,thetimesconsumedatdifferent
stages(e.g.Queuing,DataStageIn,Active,etc.) areillustratedin a
horizontalbar. As illustratedin Fig. 13(a),thereexistssigni�cant
DataStageIntime for the parallelFor constructpforLAPW2,
which resultsin its total executiontime 713:61 seconds.Thetotal
executiontime of pforLAPW2is only 231:70 secondswhenusing
collectiondistribution constructs(seeFig. 13(b)). Thebottom-left
bluepartsin thetwo chartsrepresentthetimeconsumedby theac-
tivity instancesof theactivity LAPW2for waiting in thejob queue
of thework�o w enactmentenginedueto thelackof CPUresources.

6.2 Resultsof the MeteoAG work�o w
The MeteoAG work�o w structureis illustratedin Fig. 9. The

correspondingAGWL representationis omittedhereto avoid re-
dundancy. In this experiment,we ran the parallelForEach
constructpforEachCasewith two parallel loop iterations(corre-
spondingto twosimulationcases),eachof whichhastwoparall-
elFor constructswith 48 parallel loop iterations(corresponding
to 48 simulation time steps). The experimentswere conducted
on six Grid sites: karwendel, altix1, schafberg, c703-2201, c703-
pc450andhydra. We conductedtheexperimentsin thesameway
as for the WIEN2k work�o w: �rst running the work�o w on the
fastestGrid sites,thenincrementallyaddingtheslowerGrid sites.

As illustratedin Fig. 14, we signi�cantly improved the perfor-
manceof this work�o w applicationwhenusingcollectiondistri-
bution constructs. Comparedwith the executionon 6 Grid sites
without collectiondistribution, thenumberof �le transferswasre-
ducedby 77% andtheexecutiontime wasreducedby 53% when
usingcollectiondistribution constructs.Accordingly, we achieved
thespeedupof 2:31 on 6 Grid sites,comparedwith themaximum
speedupof 1:70 achieved on 4 Grid siteswithout collectiondis-
tribution. And the work�o w scalabilitywasalso improved when
usingcollectiondistributionconstructs.

By usingcollectiondistribution constructs,the total numberof
�le transfersis reducedandthustheperformanceis improved. We
observedsimilarbehavior for theothertwo applications,whichare
omittedhereto avoid redundancy.

7. CONCLUSIONS AND FUTURE WORK
Existing work doesnot provide a �e xible dataset-orienteddata

�o w mechanismto meet the complex data�o w requirementsof
scienti�c 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 constructsareusedto mapdatacollections
to activities andto distribute datacollectionsonto loop iterations.
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Figure14: The MeteoAG experimental results



Thecollectiondistributionconstructsarespeci�edthroughAGWL
constraintsagwl:element-index and agwl:distribution. Five col-
lection distribution constructs,i.e. comaseparatedcolon expres-
sions,BLOCK, BLOCK(S), BLOCK(S,L)andREPLICA(S), aredis-
cussed. With this approach,AGWL enablesthe speci�cation of
�ne-graineddataset-orienteddata�o ws in variousscienti�c work-
�o w domains,suchasmappingportionsof datacollectionstoactiv-
ities, distribution of datacollectionsonto loop iterations,process-
ing multiple datacollectionswith one parallel iterative construct
independentlyin termsof how many dataelementsof eachcollec-
tion areprocessedin oneloop iteration.Ourapproachreducesdata
duplication,optimizesdatatransfersbetweenwork�o w activities,
andthusimproveswork�o w performances.It alsosimpli�es theef-
fort to port scienti�c applicationsontotheGrid. We demonstrated
our approachby applyingit to four real world Grid work�o w ap-
plicationsandreportedtheexperimentalresults.

With collectiondistributionconstructs,moreadvanceddata�o w
like data streamcan be supported:as soonas the requireddata
elements(insteadof the entiredatacollection)are producedand
readyto be processed,the correspondingsubsequentactivity (the
consumer)canstart. We are implementingcollection-baseddata
streamsupportin ASKALON. Futureextensionsto allow more
elaboratedatacollectiondistributionmechanismssuchasCYCLIC
andCYCLIC(S)distributionsaswell asdistributionsof nestedcol-
lectionsarealsobeinginvestigated.
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