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1 Introduction

This documentdiscusseshe requirementshat CMS hasfor its virtual datagrid
systemasworkedin the GriPhyN project.

The productionCMS systemstartsits datataking in year 2005, and we expect
thatthe CMS requirement®volve aswe nearthis date. Therefore this document
shouldbe seenas a shapshaqttaken in early 2001, ratherthan the cast-in-stone
requirementsCMS hasfor its productionvirtual datagrid systemfrom 20050n.
More nearterm prototypingrequirementsand plansrelatedto GriPhyN are also
discussed.

Status of this document: This is a draft thatreflectsthe currentstateof the Gri-
PhyNrequirementgffort in the CMS experiment.This documents closeto com-
pletion, majorchangesirenot expected.Pleasesendor copy ary commentgo the
cns@ri phyn. or g mailinglist.
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2 Brief overview of CMS and its physics

21 CMS

The CMS experimentis a high enegy physicsexperimentlocatedat CERN, that
will startdatataking in year2005. The CMS detector(Figure 1) is one of the
two generalpurposedetectorsof the LHC accelerator It is being designedand
built, andwill be used,by a world-wide collaboration,the CMS collaboration,
that currently consistsof some1800scientistsin 144 institutes,divided over 31

countries.

Figure 1. TheCMSdetector(cutoutview).

In future operation,the LHC acceleratotets two bunchesof particlescrosseach
otherinsidethe CMS detector40,000,00Qimes eachsecond.Every bunchcon-
tainssome protons. In every bunch crossingin the detector on average20
collisionsoccurbetweentwo protonsfrom oppositebunches. The collision phe-
nomenathat occurduring a single bunch crossingare calledan event Figure 2
shawvs an exampleof an event. Note that the picture of the collision productsis
compl, andrepresents lot of information: CMS has15 million individual de-
tectorchannels.The measurementsf the event,doneby the detectorelementsn
the CMS detector are calledthe raw data The size of the raw datafor a single
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Figure 2: A CMSevent(simulation).

CMS eventvariesaroundl MB.

CMS hasthe high event rate of 40,000,000events per secondbecauselike in

most high enegy physicsexperiments,the phenomenahat the physicistswant
to obsenre will occurwith only avery low probabilityin ary singleevent. Of the
40,000,00@&ventsin asecondsomel00areselectedor storageandlateranalysis.
This selectionis donewith afastreal-timefiltering system(figure 3).
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Figure 3: TheCMSonlineandoffline system&ndtheir ervironment.

Dataanalysisis doneinteractvely, by CMS physicistsworking aroundthe world.
Thel MB raw eventdatafor eacheventis notanalyzedirectly Insteadfor every
storedraw event, a numberof summaryobjectscalledreconstructedbjectsare
computed.Reconstructedbjectsrangein sizefrom a 500 KB full reconstructed
tracksobjectto a 1 KB tag object. Collectionsof reconstructedbjectscalled



reconstructediatawill be replicatedwidely, dependingon needsand capacities.
Theoriginal raw datawill staymostlyin CERN'’s centraltertiary storagesystem,
thoughsomeof it maybereplicatedalso. Tertiary storagewill likely be arobotic
tapestore,thoughmaybeby 2005someotherbulk storagemedium(DVD?) will
have replacedape.Dueto the slovnessof randomdataacces®on taperobots,the
accesdo raw datawill likely besererelylimited.

2.2 Physics analysis

By studyingthemomentagdirections andotherpropertiesof thecollision products
in the event, physicistscanlearnmoreaboutthe exact natureof the particlesand
forcesthatwereinvolvedin thecollision.

Oneof the prime objectvesof CMS s to confirmthe existenceof theoreticalpar
ticles calledHiggs bosonsandto learnabouttheir nature. Higgs bosonshave im-
portantimplicationsto varioustheoriesof physics.It is hypothesizedhata Higgs
bosondecaysalmostimmediatelyafter creationand cannotbe obsered directly.
Oneway thata Higgsbosonis hypothesizedo decayinto is four chagedleptons.
Thus,to learnaboutHiggs bosonspne canstudyeventsin which a collision pro-
ducedaHiggsbosonthatthendecayednto four chagedleptons.OnewayaHiggs
bosonanalysiseffort canstartis to isolatethe setof eventsin which four chaged
leptonswereproducedNot all eventsin thissetcorrespondo thedecayof aHiggs
boson:therearemary otherphysicsprocessethatalsoproducechagedleptons.
Therefore subsequentolationstepsare neededjn which badkground events,in
which the leptonswere not producedby a decayingHiggs boson,are eliminated
asmuchaspossible.Backgroundeventscanbe identifiedby looking at otherob-
senablesin the eventdata,like the non-leptonparticlesthatwereproducedpr the
momentaof the particlesthat left the collision point. Onceenoughbackground
eventshave beeneliminated,someimportantpropertiesof the Higgsbosoncanbe
determinedy doinga statisticalanalysison theremainingevents.

The datareductionfactorin CMS analysisis enormous. The final event setin
the abore examplemay containonly a few hundredsof events,selectedrom the

events( collisions)thatoccurredn oneyearin theCMSdetector This
givesadatareductionfactorof aboutl in . Much of thisreductionhappensn
the online system(figure 3) beforeary datais stored,the resthappensn a more
interactve way, usingthe CMS offline system.

Physicsanalysison the offline systemis an iterative, collaboratve process,in
which subsequentersionsof eventfeatureextractionalgorithmsandeventselec-
tion predicatesrerefineduntil their effectsarewell-understoodThegrid jobsrun



duringthis procesanbe comparedo the compile-and-rurstepsin iterative soft-
waredevelopment.The grid job ‘locate the Higgs eventsandcalculatethe Higgs
massfrom them’ is highly atypical: it is the final job at the endof along analy-
sis effort. A muchmoretypical job is ‘run this next versionof the systeml am
developingto locatethe Higgs events,and createa plot of theseparametershat
I will useto determinethe propertiesof this version’. A typical systemoperator
commandto the grid is ‘now thatthe new versionof this standardevent feature

extraction algorithmis finished,run it over this large setof eventsand storethe
resultsfor quick accesdy everybody'.



3 Terminology

To malke this documenmmoreself-containedsometerminologyis definedhere.

3.1 CMS data terms

This sectiondefinessomeCMS datarelatedtermsasusedin documentTheseare
termsthatoftenappeain otherCMS andhigh enegy physicsdocumentsaswell.
However, otherdocumentsnay usethesetermsin slightly differentways.

Object. Thesmallesunit of datain CMSis referredto asanobject Objects
arepersistentpiecesof dataon storage.They arealsoatomic socontainers
with objectsarenever calledobjectsthemseles.

Event. In the context of the storageandanalysisof CMS detectordata,an
eventis definedasthe collision phenomenghatoccurduringasinglebunch
crossing. An eventis not ary particularpieceof datain a databasetather
it is a distinct real world phenomenornhat can be measuredy the CMS
detector and aboutwhich datacanbe keptin databaseln othercontets,
in particularin detectorsimulationsaneventcanalsobea singleindividual
collisionduringabunchcrossing.

Event ID. An eventID is a small pieceof datathat uniquely identifiesa
particularevent. CMS hasnot yet decidedwhat datatype will be usedfor
eventlDs. In this documentjntegersareused.In productionCMS system,
mostlikely a 64-bitencodingof somenumberswill beused.

Eventdata. A pieceof eventdatafor event is achunkof data,anobject,
thatdescribesomeaspecbf event .

Raw data, raw object. Rawdatais atype of eventdata. Theraw datafor

event consistsof all measurementsiadeof event by the detectorat the
occurrencef theevent. In thecurrentCMS datamodel theraw dataconsists
of afixed setof persistenbbjectscalledthe raw objects Eachof theseraw

objectscontainsa setof binaryreadoutchannelalues maybeencodedvith

zero-suppressiolheraw objectswill not necessarilypestoredin anobject
databasef is concevablethatsometype of datastreamingnto binaryfiles

will beused.

Simulated data. Event datacreatedby a simulationsof collisionsinside
the CMS detector Simulateddatagenerallyconsistsof two components,
the Monte Carlo truth which recordsthe exact physicsprocesseshatwere
simulated andthe simulatedraw datawhich recordsthe simulateddetector



responsein aformatthatis very similar, or equalto, therealraw datafor-
mat. The estimatedsizeof a‘full simulation’for oneeventis 2 MB of such
simulateddata. Some‘f astsimulation’ codesmay producesmalleramounts
of dataperevent,for differenttypesof studies.

Reconstructeddata, reconstructedobject, reconstructionalgorithm. Re-
constructeddatais anothertype of eventdata.Reconstructedatafor event

consistsof reconstructedbjectsthat describeevent . A reconstructed
objectis computedby a reconstructionalgorithm that takes asinput a set
of (maybesimulatedyaw objectsand/orotherreconstructedbjectsbelong-
ing to the sameevent. The reconstructioralgorithmalsotakes parameters,
whichinfluenceits functioning.

3.2 GriPhyN terms

For morecompleteexplanationsof GriPhyNterms,see[8]. For self-containment
of this documentthis sectionbriefly describenecentralGriPhyNterm.

Virtual data. Virtual datais datathatdoesnt necessarilyexist until it is re-

qguested.This s relatedto the CMS conceptof ‘on-demandeconstruction’
[3]. ‘Virtual’ refersto themary requireddataproductghatmaynotbe phys-
ically stored,but exist only asspecificationgor how they maybe computed
from otherdata.

The benefitsof the virtual dataconceptpursuedoy GriPhyN aresomevhat
similarto the benefitsof virtual memoryin operatingsystemsVirtual datais

aunifying abstractiorontop of ahighly comple, optimized,anddistributed
system. The virtuality of the dataallows the grid to pursueschedulingand
errorrecovery optionsthatwould not be availablein systemavherethedata
model mapsmore directly to storagelocationson the available hardware.
Virtuality allows the grid usersto requestataproductswithout the needto

know whethertheseproductshave beencomputedalreadyandwerethey are
storedif they are.



4 CMS virtual data description

This sectiondescribegshe CMS virtual datamodel, andthe requirementgor the
CMS virtual datagrid thatresultfrom it.

4.1 The GriPhyN virtual data toolkit

The GriPhyN projectwill producea virtual datatoolkit (VDT), a suiteof generic
virtual dataservicesandtoolsdesignedo supportawide rangeof virtual datagrid

applicationg5]. CMS intendsto usethis toolkit in building the virtual datagrid

systenit needgo achiereits physicsobjectves. CMS believesthat,for it to beable
to successfullypuild its grid, certaintypesof new researchin computerscienceare
neededwith theresearchesultsflowing into the GriPhyNvirtual datatoolkit.

The CMSvirtual datagrid definedbelov encapsulatethe setof capabilitiesof the
CMS offline systemfor which CMS believesthatmore CSresearchis absolutely
neededpeforethis setof capabilitiescanbe successfullyealizedby CMS. CMS
believesthatthe systemcapabilitiesoutsidethe CMS virtual datagrid boundaries
definedbelon donotabsolutelyrequirenewv GriPhyNresearchiesults,n orderfor
CMSto creategood-enougimplementationsThisdoesnotimply thatresearchoy
GriPhyN collaboratoroutsidethe boundarieslefinedbelov would be necessarily
unwelcomemerelythat CMS doesnot considerthe successfutompletionof such
researclascritical to achieving its physicsgoals.

Note: Needto add sometext about the relation betweenGriPhyN and the
other grid projects,in particular about CMS requiring compatibility.

4.2 Boundaries of the CMS virtual data grid system

Seenfrom the highestlevel, the CMS experimenthasa long datareductionchain
that goesfrom detectorsignalsall the way to histogramplots. The chainis not
static,but theelementf it aredevelopedandrefinedby physicistsovertime. The
questionis: which partsof this chain shouldthe CMS virtual datagrid, andthe
GriPhyN virtual datatoolkit usedto build it, be minimally concernedvith? The
answeris basedn thefollowing obsenrations:

CMS andthe HEP experimentsin generalalreadyhave a considerablan-
stalledsoftware basefor datahandlingand analysis,and more softwareis
being developed,not only by CMS itself but alsoin variousexisting col-
laborative efforts in which CMS participates.Thus, it is not necessaryor



desirableto requirethatthe CMS virtual datagrid to take careof all CMS
datahandlingproblemsandit is not necessaryhat GriPhyN participatesn
all partsof the CMS softwareeffort.

For CMS, the critical featuresof the GriPhyN virtual datagrid technology
arethe grid featuresnot the virtuality features.Critical is the potentialof
thetechnologyto supportthe handlingof extremelylarge amountsf datain
avirtual organizationcontext.

Many datahandlingoperationsn CMS physicsanalysisareconcernedvith
relatively small amountsof data,so theseoperationsdo not absolutelyre-
quirethe supportof GriPhyN-derelopedtechnology

The CMS on-line filtering farm handlesextremely large amountsof data,
but it will be a dedicatedsystemthat canbe built without virtual datagrid
technology

Basedon this reasoningthis documentproposeghatthe baselineminimal CMS
virtual datasystemhandleghe middle partof the CMS datareductionchain,from
the point whenraw dataentersthe off-line systemto the point whenthe inter
mediateresultsbecomesmall enoughto be storedand handledby corventional
(desktopor sener) systemsoutsidethe grid (figure4). In physicstermsthis latter
boundaryis the point wherethingslike ntuples tags andhistagramsappear The
proposedoundariedimit the compleity of the dataflow modelthatneedso be
supportedy thevirtual datatoolkit, andyield fairly narraw interfacesbetweerthe
grid softwareandtherestof the CMS software.

CMSwouldlik e to benefitasmuchaspossiblerom knowledgeandsoftwareavail-
ablethroughGriPhyNandothergrid projects.Issuedik e authenticatiorandmeta-
datamanagemerplay animportantrole in CMS evenoutsidethe virtual datagrid
boundarie®f figure4, andGriPhyNis a naturalforum for sharingandcollabora-
tive work in theseareas.

4.3 CMS virtual data grid structure

Figure4 shavsthestructureof the CMS virtual datagrid, reflectingtheboundaries
definedin Section4.2.

The datamodel of the CMS virtual datagrid containsfour typesof entities: up-
loadeddataproductsyirtual dataproducts algorithms,andjobs. A data product
is a self-containedpieceof data(anobjectin CMS terminology)with typically a
sizeof 1 KB to 1 MB. A dataproductis by definition atomic it is the smallest
pieceof datathatthe grid framewvork canindividually handle,or needso handle.
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Figure 4: CMSvirtual datagrid structue (time-independentiew, does
not showthe cyclic nature of the CMSdataanalysisprocess)

Therearetwo typesof dataproducts: uploadedandvirtual. An uploaded data

product is onethat was generatedexternally andthenplacedin the grid. In an
uploadingoperation the value of the dataproductis transferrednto the grid, and
a uniqueidentifier (UID) is assignedo the product. The grid is responsibleor

safely and perpetuallystoring the valuesof all uploadeddataproducts. To keep
the versioningissuesin this datamodelsimple,uploadeddataproductvaluesare
read-onlyandcannever be changed New or updatedvaluescanenterthe grid as
new uploadeddataproducts,andthesealwaysget new uniqueidentifiers. Some
typesof uploadedproductsthosethatrepresenthe outputof simulationprograms,
couldbedeletedfrom thegrid aftersometime, in orderto regycle tertiary storage
space.

A UID (Unique IDentifier) is a label that uniquely identifiesan uploadeddata
productor algorithm. TheseJIDs aregeneratednthefly, wheneeranew product
is uploadedr new algorithmis addedeitherby thevirtual datagrid or by software
outsideit. It is not requiredthattheseUIDs are shortor meaningfulto humans:
usersf physicsanalysissoftwareshouldnever have to handletheseUIDs directly,
softwarecomponent®utsidethe virtual datagrid shouldusemetadatdo connect
theseUIDs to higherlevel human-understandabt®ncepts Examplesof UIDs in
Figure4are _, , and
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Over time, asshavn on the left of figure 4, the CMS detectormeasureshe raw
datafor differentsubsequengvents. For eacheventa setof raw dataproductsis
uploadedinto the grid. Thefigureshavstwo products _ and  _ for each
event . This is theevent ID, a compactidentifier that uniquely identifiesthe
event. In practicethe raw datafor one event will probablybe partitionedinto
some5-20 products. Partitioning is doneaccordingto somepredefinedscheme
thatfollows the physicallayout of the detector Several subdetectosliceswill be
definedandmappedo products,with eachproductcontainingthe measurements
of all sensitve detectionelementsn a singlesubdetector

An algorithm is a pieceof executablecodethat computeghe value of a virtual
data product. An algorithmcantake otherdataproductsasinput. In this data
model, every algorithm alsotakes exactly one setof parameters asinput, these
parametersnfluencethe functioning of the algorithm. The parametersre mod-
eledasdataproductsbecausehey have a complicatednternalstructureandoften
containvery large (multi-MB size)elements. Versioningof algorithmsduringde-
velopmenthappensutsidethe grid system,andthe sameUID is never usedfor
two differentversionsof algorithms.

In this datamodel, the outputof an algorithmis uniquely(and deterministically)
determinedy: 1) the UID of thealgorithm,and2) thevaluesof the dataproducts
(including parametersjhat sene asinput and3) the platform on which the algo-
rithm is run. The platformis the combinationof hardware,OS, compiler libraries,
etc. usedto executethe algorithm. Platformdifferencesmay resultin small, but

for the physicistssignificant,deviationsin the output. The CMS virtual datagrid

will thereforehave to includesomefacilities to handleplatform differences.This

is furtherexplainedin sectiord.4.

For the identification of virtual data products this datamodelcombinesalgo-
rithm, parameterand other uploadeddata productUIDs in a function notation.
Examplesin figure 4 are the virtual dataproductsUIDs - -

and _ _ . IntheCMS dataflow modelinsidethegrid
boundarief figure 4, therearenever two ‘alternative routes’to a singleproduct,
routesin which differentalgorithmsor parameterareusedio computenhatis con-
ceptuallythe sameproductvalue. Therefore the function notationin the product
UIDs ensureghatevery singleCMS virtual dataproducthasa singleUID only.

The UID of a materializedvirtual dataproductencodesexactly which algorithms
andparametersvereusedto materializat, but doesnotencodeary informationon
the platformsused. We thereforeintroducethe conceptof a platform-annotated

!Noteto physicists:in this datamodel, the valuesof the calibrationconstantsisedby the algo-
rithm areencodedn the parametedataproduct.

12



UID, which is a virtual dataproductUID in which eachalgorithmis annotated
with theidentifier  of the platformon which the algorithmwasrun, or needso

berun. An exampleis _ _ . If twovirtual data
productvalueshave the sameplatform-annotated)ID, they areguaranteedo be

byte-wiseequal.

In figure 4, the virtual dataproductsobtaineddirectly from raw dataaregenerally
calledESD (eventsummarydata)productdy CMS physiciststhoseobtainedrom

ESD productsaregenerallycalledAOD (analysisobjectdata)products.Arrange-
mentsof algorithmsmore complicatedthanthis 2-stagechain are also possible,
andshouldbe supportedy the virtual datagrid. Thereareno standardacroryms
for the intermediatgproductsin suchmorecomplicatedarrangementsNo matter
howv complicatedthe arrangementthereis alwaysa strong separation between
events virtual dataproductscanalwaysbetracedbackto theraw dataproductsof

asingleeventonly. Datafor differenteventsis only combinednsidejobs.

Physicistsget work doneon the CMS virtual datagrid by submittingjobs to it.

A job consistsof a usersuppliedpieceof analysiscodeanda specificationfor a
setof dataproducts. The job instructsthe grid systemto producethe specified
virtual dataproductsandthenfeedtheir valuesto the job code. The job codeis

runinsidethegrid, underthe control of the grid schedulersThejob codewill use
grid servicesto deliver its outputto its user however, the virtual dataservicesn

thegrid neednot concernedvith storingor handlingthejob output.

Therequestsetof ajob is the setof virtual dataproductsrequestedy a job. An
exampleof arequesset(for job 1 in Figure4) is

Jobrequestketsalwayshave theform

where isaneventID set This generallycorrespond$o asparsesubsedf the
eventstakenoveraverylongtimeintenal. Insidethetime intenal, eventselection
is essentiallyrandom,uncorrelatedvith time. Thougheachset in isolationhas
thepropertienf arandomsubsamplethe eventID setsof subsequerjbbssubmit-
tedby oneuser or by a groupof users have importantcross-correlationthatcan
beexploitedby cachingandreplicationstratgies. Theterms in
theabove requessetareproduct selectors functionswhich take aneventnumber
andmapit to a dataproductUID, with the constraintthatall raw dataproducts
mentionedn thatUID belongto theevent . To reflectplatform constraintsa job
requessetmightincludeplatform-annotatiosin theproductUIDs. Theshapeand
encodingof platformconstraintss anissuethatneeddurtherwork, seesectiord.4
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for anintroductionto this problem.

The job codeis often a parallel program,that canbe run asa setof subjobs. In
this subjobsettherewill be several worker subjobs and one aggregation sub-
job. Communicatiorbetweersubjobsis very minimal: atthe endof its run every
worker subjobusesthe grid servicego senda single,relatively small, packageof
informationto theaggreationsubjob Theaggr@ationsubjobcreateghefinal job
outputandusesgrid servicedo deliver it outsidethegrid. To executethejob, the
grid schedulersnay partition the job requestset, and feed the different partsto
differentworker subjobsthatmay runin multiple locations.A constrainton parti-
tioningandis thatall theproducts thatbelongto thesame
eventmustalwaysbe deliveredto the sameworker subjob The grid scheduleis
howvever completelyfree to choosethe division of eventsover the subjobs. This
allows for massve parallelismin virtual dataproductderivationandjob execution.

Whensubmittinga job, the usermayincludeseveral hints to the grid to helpit in
optimizingresourcausage An exampleof a hint would be“severalotherjobswith
the samerequestsetwill be submittedin future”. Besidegobs, usersandsystem
operatorscanalso submitseveral othercommandsto the grid, to achiere some-
thing thatcannotbe expressedisajob. An exampleis thecommando materialize
aparticular very large, setof virtual dataproductsandstoretheir valuesfor some
time.

Thegrid shouldoffer query estimation servicesby which userscangetestimates
of theexecutiontime andresourceusageof their jobsbeforesubmittingthem.lIt is
expectedthatanestimationof CPUandl/O resourcausagecanbefairly accurate,
if it usesstatisticsaboutalgorithm executionthat were gatheredduring previous
jobs over maybedifferentevent sets. Estimatingwallclock runtimewill be more
difficult, so a job progressmeter serviceand the ability to aborta pendingor
runningjob will likely beuseful.

In sofarasit is not constrainedr guidedby commandshints, or resourceguota
policies, the CMS virtual datagrid has completefreedomin moving job code
to data,moving datato code, partitioning job requestsetsand running different
subjobsin differentlocations,instantiatinganddeletingvirtual dataproducts.and
replicatingandmigratingproductvalues.

Note: The job modelabove needsto be extendedwith the conceptof a job that
doesnot read all of the virtual data productsin its requestset, but decides
on the fly (with ‘random navigation’ to event components)which products
in its requestsetto read. This hasimplications for the schedulerand query
estimator: all the product valuesin the requestsetneedto be ‘staged’ to be
visible the job, but by reading product valuesselecvely the job will useless

14



CPU power and I/O bandwidth than an ordinary job.

4.4 Requirements for the handling of platform differences

A platformis acombinationof hardware,OS, compiler libraries,etc.usedto exe-

cutejob or algorithmcode. Platformdifferencesnayresultin smalldeviationsin

job or algorithmoutput. It is of coursethe job of the physicistto ensurethatary

statisticaldeviation introducedby usinga particularplatformwill besmall,andac-
countedfor in the errorbarson ary publishedanalysisresult. However, the CMS

virtual datagrid will alsohave to includesomefacilities that assistthe physicists
in studyingandhandlingplatformdifferences.This is illustratedby the following

usecases.

A physiciststudyingtherobustnes®f analgorithmunderdevelopmenimight
askthe grid to materializesomevirtual dataproductstwice with this algo-
rithm, on differentplatforms,feedingboth versionsinto a job for compari-
son.

A physicistmight needto study the effects of small changesn a tuning
parameter in somejob algorithm. This is doneby submittingthe job mul-
tiple times, over the samevirtual dataproductset, with slightly different
valuesof . Saytheoutputof thefirst runwith tuningparametewralue is

, Where identifiesthe exact platform(s)on which the
job is run andthe differentvirtual dataproductsare or were materialized,
with the platform-dependerdeviation introducedby . Saythe

outputof the secondunwith tuning parameteralue is

Thejobswill only be usefulfor studyingthe differencebetween and

if . The easiestvay to ensurethis
is to instructthe grid to make surethat . Thegrid will have to
supportsuchconstrainton seriesof jobs,andthis hasobviousconsequences
for schedulerandcachemanagemen®hysicistawill have to have absolute
trustthatthe grid will deliver bytewise-identicalvirtual dataproductvalues
whenthey are requestedagainundersuch constraints. Without this trust,
physicistswill resortto storinglarge setsof productvaluesfor themseles,
permanentlyoutsidethe boundarie®f thegrid.

To malke it easierfor physiciststo compareandmeige results,systemman-
ageramightalsodefinegrid-wide constraintsfor exampletheconstrainthat
certainvirtual dataproductsfor certaineventsare always materializedon
someplatformX.
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Systemmanagersnight supplya rule baseto the grid, which allows it to predict,
for example,whenrunninganalgorithm ontwo differentplatformswith differ-
entlibrarieswill neverthelesproducebytewise-identicaloutput. In the absence
of ary rules,the grid canonly make very limited assumptionsit shouldonly as-
sumethatrunninganalgorithmon the samesystemor farmwill producethe same
output,if thisis doneprior to thenext OS, compiler or library upgrade.

4.5 Construction of jobs

The constructionnaming,andstorageof job requestsets,andthe keepingof the
necessarynetatadaboutthem,is anactvity thathappensutsidethe CMS virtual
datagrid. Grid query estimationservicescan sometimesplay an importantrole
whenarequestsetis constructed.Seesection4.6 for someadditionalconsidera-
tions concerningcomputersupportfor theinitial constructiorof requestets.

Somerequestsetsmight not be storeddirectly, but insteadrepresentecsa pre-
scription of how to generatehe setwith a queryon a tag collection Thisis a
useof the virtual datamaterializationconceptoutsidethe boundarie®of the CMS
virtual grid system. This useof virtual datais placedoutsidethe grid boundaries
becausat could be supportedwithout ‘grid technology’: CMS doesnot require
thatthebaselineGriPhyNtoolkit supportghis type of virtual data.

Virtual dataconceptsnight alsobe usedoutsidethe grid to preventthere-running
of jobswhoseoutputis still storedsomeavhereoutsidethegrid, or to extractdesired
informationfrom previously storedjob outputin steadof creatingit by runninga
new job onthegrid. Thelattercasemight occurin the constructiorof ‘privatetag
collections’by physicists.

4.6 Weak forms of equivalence between datasets

As seenin the section4.4,in somecase<CMS physicistswill insiston byte-wise
equalitybetweersubsequentlgeliveredsetsof dataproducts.Onecannotoveres-
timatethe cost(in time, manpaver, hardwareresourceswrongresultsandlossof
credibility) thatcouldresultfrom false“equivalences’amongdatasets.

In somecasesweakforms of equivalencebetweera datasethatis requestec@nd
the onethatis deliveredare permissible gspeciallyif a weakly equivalentdataset
canbedeliveredmuchfaster Examplesof thesecasesarethe selectionof random
initial event setsan analysiseffort, andthe selectionof setsof simulatedevents.
Researchby GriPhyN into computersupportfor suchdataselectionwith weak
formsof equivalencewould be useful,but is not consideredssentiaby CMS.
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4.7 Workload characteristics

Multi-user physicsanalysisworkloadshave a complicatedstructure. The proper

tiesof theworkloadaredeterminedy threemajorinteractingfactors:the method-
ology of high enegy physicsasanexperimentalsciencetheway in which physi-
cistscollaborateanddivide their work, andthe needto maximizethe utility of the
availablecomputingresourcesTherequessetsof subsequengrid jobswill have

quite complicatedmutualrelationshipsandtheserelationshipscanbe, and need
to be, exploited by the grid schedulergo reachthe desiredevels of efficieng in

dataproductcachingandreplication. Detailson the expectedmutualrelationsare
beyond the scopeof this documert Seethe MONARC project[9] and[11] for

moreinformation,see[12] for oneparticulardetailedworkloadmodel.

4.8 Quantitative aspects

This sectionprovides somequantitatve estimatedor data, hardware, and jobs.
Theseestimatesorm the scalabilityrequirementsor the CMS virtual grid system.
Most of theseestimatesvereadaptedrom [2], andareestimatedor year2006.

4.8.1 Product sizes and processing times

Table 1 gives the estimatedsizesand processingiimes for the most frequently
occurringdataproducts. Lessfrequentlyoccurringdataproductsare expectedto
have largely similar characteristicsThetime neededo materializeis the running
time of analgorithmthathastheproductasoutput;and,thetimeneededo process
is therunningtime of ajob thathasthe productasinput.

CPUpower neededo CPUtime neededo
Producttype Size | materialize process| materialize| process
All raw for oneevent| 1MB - 3000SI195s - 15s
OneESD | 500KB | 3000S195s| 25SI195s 15s | 0.125s
OneAOD | 10KB 25SI195s| 10SI95s 0.125s | 0.05s

Table1: Estimategor CMSdataproductsizesand processingimes

Thetimesin secondsarebasedon the estimatedcapacityof a single CPU usedin

year2006,whichis 200SI195.

2At leastbeyond the scopeof the currentdraft, probablybeyond the scopeof the final version

too.
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CMS expectsto storeraw productsfor eventsperyear startingin late 2005.
It alsoexpectsto run simulationsof eventsin the detectoy storingsimulatedevent
dataatarateof eventsperyear with eachtaking2 MB of storage.

Creationof ESDandAOD productds partly a chaoticactiity, in which new prod-
uctscomputedwith new algorithmsandparametersouldberequestedtary time

by somespecializeghysicists However, therearealsoproductionruns whichare
highly structuredore-materializatiomequest$y systemmanagersin production
runs,the systemmanagerwill instructthe grid to pre-materializeandstore,for a
few monthsto a few years two specificESDandAOD productsfor every eventin

alargeset.Suchasetgenerallyis thesetof all eventstakenover aperiodof weeks
or months,or a well-refinedsubsethereof. On average,an eventis expectedto

beincludedin threedifferentproductionruns. Productionrunsareexpectedo use
a significantfraction, probablymorethanhalf, of all grid resourcesn year2006.
In lateryears,asfasterhardware makesresourceconstraintdessof anissue,the
chaoticactvity is expectedto take up largerandlargerfractions.

4.8.2 CMS grid hardware capacity

The CMS grid hardwarewill consistof computerinstallationsarrangedn a hier

archicalstructureasshawvn in figure 5, which wasadaptedrom [7]. Thestructure
hasa large centralcomputingfacility at CERN, attier O, five ‘regional centres’at
tier 1, andabout25 still smallercentresat tier 2. Below that, thereareinstitute
senersattier 3 andphysicists desktopworkstationsattier 4.

Figure 5 also shaws recentestimatesof the network link capacitiesbetweenthe
sitesin 2006. It shouldbe stressedhatthe actuallink capacityavailableto CMS
in year2006cannotbe estimatedrery accuratelymainly becausef uncertainties
aboutlong-termdevelopmentsn theinternationatelecommarket.

As a baselinerequirementthe CMS virtual datagrid needonly useand manage
the systemresourcesn tiers 0, 1, and2. The institute seners andworkstations
will be usedfor datastorageand processingoutsidethe grid, andalsoto prepare
andsubmitgrid jobs. Sparecapacityon tier 3 and4 hardwaremight beusedto run
simulationstheresultsof which areuploadednto thegrid.

Table2 giveshardwarecapacityestimatedor individual tier 0—2centers Notethat
‘tape’ in this table could also be anothertertiary storagemedium,dependingon
technologydevelopmentsThearchival tapecapacitywill grov overtime,in order
to satisfythe constrainthatatall raw dataneedso be keptforever.
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Figure 5. CMScomputerinstallationsand networklinks

Tier | CPUcapacity| Nr of CPUs| Activetape | Archival tape Disk
0 | 600,000SI195 3000 15407TB 2632TB | 796 TB
1 | 150,000S195 750 590TB 433TB | 313TB
2 | 30,000SI95 150 none 50TB | 70TB

Table2: Estimatesor CMShardware capacity

4.8.3 Hardware failure characteristics

The CMS virtual datagrid needdo provide faulttoleranceserviceswvhich take the
following into account.

CMS expectsto buy mostof the grid hardware describedn Section4.8.2on the
consumemarket, andexpectsto operatdt without expensve round-the-cloclkser
vice contracts CPUsenerscaneasilybedown for days.Much of thedisk capacity
mightactuallybeon harddisksinsidethe CPUsenerboxes,notonmorededicated
disk seners.Mostof thediskswill nothave backupsandmightnotevenuseahigh
RAID level. Thediskscanalsobedown for daysor suffer failure with no hopeof
datarecovery.

CMS alsoexpectsto configureandoperateasmallamounif all hardware(say1%)
as high availability systemswhich have round-the-clockoperatorsupport. Such
systemswill belocatedat thetier O site and probablyalsoat all tier 1 sites. The
grid canusethesesystemdo storemetadatacatalogsandtransactiorstate.
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4.8.4 Other parameters

This sectionestimatesseveral other parametersmportantfor the grid. For every
parameterthe first value given is the expectedvalue that needsto be minimally
supportedor the virtual datagrid systemto be usefulto CMS. The secondvalue,
betweerparenthesids the expectedvaluethatis neededo supportevenvery high
levels of chaoticuseby individual physicists.

Numberof users:200(2000)

Numberof simultaneoushactive users:100(1000)
Numberof jobs submittedperday: 50 (10,000)
Numberof jobsbeingprocessedh parallel: 50 (1000)
Numberof eventsin ajob eventID set:1- (1- )

Job turnaroundtime: 30 seconddfor tiny jobs)— 1 month (for hugejobs) (0.2
seconds- 5 months)

Dataproductvaluesize:10 KB —100MB (50 byte—2 GB)
Dataproductsuploaded:  /year(  /year)

Frequeng of bulk uploadoperations5/day(50/day)

Frequeng of uploadoperationf a singleproduct: 100/day(20,000/day)
Algorithmsaddedo the grid: 500/yean500/day)
Parametedataproductsuploadedo thegrid: 1000/yea(500/day)

Numberof algorithmsin the chainfrom araw dataproductto ajob: 0-5(0-30)
Numberof dataproductshatsere asinputto analgorithm:0-10(0-50)
Number of virtual data productsdefinedby uploadedproductsand algorithms:

lyear
Virtual dataproductsmaterialized: fyear(  lyear)
Virtual dataproductsvaluescachedby thegrid: ( )atary pointin time

In general CMS physicsanalysisworkloadswill expandto fill all availablehard-
ware capacity Given this, and combiningthe estimateof 50 jobs per day with
theavailablecapacity thefollowing estimatesareproducedln theseestimateshe
jobsfill their expectedavailableshareof CPU capacity but not yet their expected
availableshareof local areadisk I/O capacity

Averagenumberof dataproductsrequestedby a job: 50,000,00q250,000)
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Averagesizeof thedataproductsrequestedby ajob: 2 TB (10 GB)

For every dataproductthatis ever materializedthe averagenumberof timesthat
it is requestedn theworkload: 30

4.8.5 Expected evolution of parameters

The systemrequirementgor year2006will evolve over time to track predictions
of how muchhardware capacitycanbe economicallyavailablein year2006.

¢ Fromyear 2005 to at leastyear 2030, throughoutthe lifetime of the experi-
ment,the requiredandrealizedsystemcapacitywill definitelyincreaseo exploit
price/performancémprovementsin hardware. For CMS, increasecdcapacitywill
meanan increasedability to study physicseffects, so increaseswill always be
sought. The CMS grid architectureshouldthusallow for scalingof atleasta few
ordersof magnitudeébeyondtheyear2006storageandCPUcapacityrequirements.

4.9 Storage and handling of data products

Note: maybe somemore intr oductory discussionis neededon why a fixed
mapping of virtual data productsto filesis too inefficient.

In currenthigh enegy physicspractice,dataproductvaluesare aggregatedinto
in files. Currentlyin CMS, mary of thesefiles are ‘databasdiles’ of an object
databassystem.A storagesolutionbasedonfiles is alsoproposedor the future
CMS virtual datagrid system. Experiencan CMS and someother HEP experi-
mentsover the last few yearsshows the following. Using an objectdatabasea
pureobjectgranularitystoragemodel,in which file detailscanbeignored,canbe
supportedor all disk-residentdatain the local area. However, whenscalingto a
more loosely coupledwide-areadatahandlingsetup,CMS hasseenthe issuesof
file handlingappeamagain,with the needto treatfiles aslargely self-containecets
of dataproductvalues,andthe needto build aglobalview of file locationandfile
contentq4] [20] [15]. Thereis a perceved needfor the CMS virtual datagrid to
make useof file (file-like) abstractionsexisting at the MB—GB level of granular
ity. However the grid cannotafford to ignorethefiner levels of granularityin the
CMS datamodel. Finerlevels of granularitycould be eliminatedentirelyfrom the
scopeof thegrid by usinga fixed, staticmappingof dataproductvaluesinto files,
with files servingasthe unit of cachingandtransport. However, becausef the
sparseaventsubsettinghatis fundamentato the CMS physicsanalysisworkload,
agrid dealingwith suchfiles only would not be ableto reachthe desiredevels of
efficiency in dataproductaccesscaching,andreplication. To achieve the desired
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efficiencgy for the CMS workload, it is necessaryor the grid to occasionallyper
form actionslike copying a setof productvaluesfrom largefiles into smallerfiles
[14] [17]. Theseconsiderationgeadto the following storagemodel.

Data productvaluesare always storedin files, thesemay be ‘databasdfiles’ of
an object databaseproductlike Objectvity, but also binary files createdwith a
more basicobjectstreamingdibrary. Eachfile will containoneor more(maybea
hugenumber)of dataproductvalues,togetherwith enoughindexing metadatao
locatethe individual productvaluesinsidethe file, basedon their productUIDs.
Supportfor file sizeslargerthan2 GB by GriPhyN componentss desirable but
notabsolutelyneeded.

The GriPhyN software neednot be ableto handleor interpretthe contentsof the
files directly. Insteadthe GriPhyN softwarecancall CMS-providedtoolsor APIs
to do this. The CMS provided softwarewill only be ableto readandwrite filesin

alocally mountedfilesystem.For Objectity files the softwarewill in additionbe
ableto accesdiles on disksattachedo a local Objectvity AMS databaseener,

evenif the files are not visible in a local filesystem. The GriPhyN software is

responsibldor all non-localfile handlingandtransportWhenanObjectvity file is

broughtinto a site,it needgo beattachedo alocal Objectiity federationcatalog
beforeit canbe usedby CMS-provided software. The detailsof the Objectvity

integration needsare beyond the scopeof this document.It shouldbe notedthat
CMS hasnot decidedyet which objectpersisteng system(s}o usefrom 20060n,
the Objectvity integrationneedsheresene abaselindor theinterfacecomplity

that the grid might needto handle,and of coursethey will alsoapply to more
nearterm prototypingexercisesn GriPhyN.

Usingthe CMS-providedtools or APls, the GriPhyN software cangetallist of all

productsin a local file, andcopy productsfrom onelocal file or setof files into

anotheiocalfile or setof files. Thegrid deliversa dataproductto analgorithmor

subjobby specifyingthe productUID andindicatinga local file thatcontainsthe
productvalue. The CMS codeinsidethejob or algorithmwill be ableto readthe
productvaluefrom the file. CMS materializationcodewill alsobe ableto create
localfiles containingnew productvalues,or addvaluesto existing files.

Theglobalview of whichfile is where andwhich productsvaluesarein whatfiles,
needgo be maintainedby the GriPhyN-produced¢omponent®f the CMS virtual
datagrid. The CMS componentsunninginsidethe grid do not maintaina global
view themseles,nordo they needaccesso it.
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4.10 Security and resource sharing policies

Thealgorithmsanddataproductsn the CMS virtual datagrid needto be protected
againstunauthorizedaccess. Thereare two main cases. First, all dataneedsto
be protectedrom accesdy peopleoutsidethe CMS collaboration.Secondwhen
doing developmentwork, a physicistwill considerall intermediateresultsto be
private. The private uploadeddataproducts,algorithms,andthe resultingvirtual
dataproductsneedto be unaccessiblegvento somedegreeinvisible, for others.
End resultsmight be ‘published’ by extendingthe accesgpermissiondo a group
of peopleor to the whole collaboration. Accesslogs and workload statisticsthat
aregatheredor grid schedulingandmonitoringalsoneedto be protectedagainst
unauthorizedccess.

Somefacilitiesareneededo ensurehatgrid resourcesresharedairly. Thegrid
schedulerdhave to implementallocation policies that ensurereasonablesharing
of resourceamongstconcurrentlyrunningjobs. Query estimationserviceswill
play animportantrole becausehey allow usergo avoid theunintentionakbluseof
resourcesAn accurateaccountingof resourcausagds neededto drive the social
feedbacKkoopthatensuresair sharingnsidetheCMS collaboration.Thegrid does
not needto implementvery fine-graineda-priory constraintson resourceusage
by individuals, thoughsomeactive protectionis neededagainstthe accidentalor
intentionalexecutionof jobsor commandwwith a ‘denial of service’effect. Some
tier 1 and2 centresmighthave policiesthatrestricttheuseof certainlocalresources
to a subsef all physicistsin CMS. It is unknavn currentlyhow penasie such
restrictionswill be, what shapethey will take, and whetherthey will allow for
exceptionsn caseghatresourcesvould remainunusedtherwise.

4.11 Summary of CMS virtual data grid characteristics

Whencomparingthe grid requirement®f a high enegy physicsexperimentlike
CMSwith therequirementsf LIGO andSDSS thepointswhicharecharacteristic
for CMS are:

Extremelylarge amountsof data.
Largeamountof CPU power neededo derve neededvirtual dataproducts.

Theabove two imply thatfaulttolerantfacilitiesfor themass-materialization
of virtual dataproductson alarge distributedsystemareessential.
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Baselinevirtual datamodeldoesnot have virtual dataproductsthat aggre-
gatedatafrom multiple events,sothe modellooksrelatvely simplefrom a

schedulingstandpoint.

A requestedetof dataproductsgenerallycorresponds$o a sparsesubsebf
theeventstakenover avery longtime intenal.
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5 Year 2005 vs. current needs and activities

The precedingsectionstalk aboutthe CMS datamodel and dataanalysisneeds
whenthe experimentis runningfrom year2005o0n. This sectiondiscussesurrent
andnearfuture needsandactvities, andcontrastsheseto the year2005needs.

CurrentlyCMSis performinglarge-scalesimulationefforts, in which physicsevents
aresimulatedasthey occurinsidea simulationof the CMS detector Thesesimu-
lation efforts supportdetectordesignandthe designof thereal-timeeventfiltering
algorithmsthatwill be usedwhenCMS is running. The simulationefforts arein
the order of hundredsof CPU yearsandterabytesof data. Thesesimulationef-
fortswill continueandwill grow in size,up to year2005andthenthroughouthe
lifetime of the experiment.The simulationefforts andthe softwareR&D for CMS
datamanagemerdreseenasstronglyintertwinedandcomplementaractvities. In
additionto performinggrid-relatedRr&D in the contet of severalprojects,CMSis
alsoalreadyusingsomegrid-typesoftwarein productionfor its simulationefforts.
Examplesof this is the useof CondormanagedCPU power in somelarge-scale
simulationefforts, andthe useof someGlobus componentdy GDMP [4], which
is a softwaresystemdevelopedby CMS thatis currentlybeingusedin production
to replicatefiles with simulationresultsin thewide-area.

CMS simulationefforts currently still rely to a large extent on hand-codedcshell
and perl scripts,andthe carefulmanualmappingof hardwareresourcego tasks.
As moregrid technologybecomeswvailable, CMS will be actively looking to use
it in its simulationefforts, bothasaway to save manpaver andasa meandgo allow

for greaterscalability On the grid R&D side, the CMS simulationcodescould
alsobe usedinside testbedghat evaluatestill-experimentalgrid technologies.It

thus makes senseto look more closely hereat the exact propertiesof the CMS
simulationefforts, andhow thesediffer from thoseof the year2005CMS virtual

dataproblem.

Eachindividual CMS simulationrun can be modeledas a definition of a set of
virtual dataproductsanda requesto materializetheminto a setof files. Current
CMS simulationrunshave a batchnature notaninteractve nature.Eachlargerun
generallyatleasttakesafew daysto plan,with severalpeoplegettinginvolved,and
thenat leastfew weeksto execute. At mostsometensof runswill bein progress
atthe sametime. Sothereis a hugecontrastwith the year2005situation,where
CMS dataprocessingequirementsare expectedto be dominatedby chaoticin-
teractve physicsanalysisworkloadsgeneratedy hundred=of physicistsworking
independentlyAlso, in contrastto the year2005workloads,requestgor the data
in sparsesubset®f (simulatedeventdatasetsvill berare,if they occuratall. Sim-
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ulatedevent setscanbe, andare,generatedn sucha way thateventslikely to be
requestedogetherarecreatedogetherin the samedatabaséile or setof database
files. Thereforeto supportsimulationrunsin the nearfuture, it would be possible
to usea virtual datasystemthat works at the granularityof files, ratherthanthe
finer granularityof eventsor objects. Going towardsyear2005,the datacreation
andtransportneedsof the CMS simulationexercisesare expectedto becomein-
creasinglychaoticandfine-grainedput theexactpaceatwhich changewill happen
is currentlynotknown.

CMS currentlyhastwo distinct simulationpackages.The Fortran-basecCMSIM
software takes careof the first stepsin a full simulationchain. It producediles
which arethenreadby the C++-basedORCA software. CMSIM usesflat files
in thef z formatfor its output, ORCA datastorageis doneusingthe Objectvity
objectdatabase CMSIM will be phasedout in the next few years,it will bere-
placedby moreup-to-datesimulationcodesusingthe C++-basecext-generation
GEANT 4 physicssimulationlibrary. As tamgetsfor theusein virtual datatestbeds,
CMSIM and ORCA eachhave their own strengthsandweaknessesln CMSIM,
eachsimulationrun producesone outputfile basedon a setof runtime parame-
ters. This yields a virtual datamodelthatis almostembarrassinglgimple,a data
modelof virtual outputfiles, with eachfile having a runtime parametesetasits
uniquesignatureandno dependencielsetweerfiles. CMSIM is very portableand
canberun on almostary platform. Installingthe CMSIM softwareis nota major
job. The simulationsinvolving ORCA display a muchmore complicatedpattern
of datahandlingin which intermediatgroductsappeaf20], anda corresponding
virtual datamodelwould be muchmore comple, andmorerepresentate of the
year2005situation. The ORCA softwareis underrapid developmentwith cycles
of afew monthsor less. ORCA is only supportedn Linux and Solaris,andcur
rently takes considerableffort andexpertiseto install. Work on moreautomated
installationproceduress undervay.
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6 Appendix: Detailed discussion of the interfaces to CMS
software

Basedon the generalgrid structurein section4.3, this sectiondefinessomespe-
cific baselinanterfacesbetweerthe GriPhyN CMS virtual datagrid softwareand
softwareproducednternallyin CMS.

6.1 Data product uploading interface

The dataproductuploadinginterfaceis definedby GriPhyN. Productsto be up-
loadedarealwayspresentin files, with thefile structureandhandlingasdescribed
in section4.9.

6.2 Job and command submission interface

To submitjobsandcommandsthe CMS physicsanalysigools,usuallyrunningon

local workstationsoutsidethe Grid, will usea GriPhyN-definedob or command
format and call on a GriPhyN-definedAPl. Somejob or commanddescriptions
mayincludevery large piecesof data,for examplecompiledcodeandlarge event

ID sets.Thesecouldberepresentedsthe nameof files on thelocal filesystemof

the processioingthe API call.

Somejobs may be run interactvely, with the CMS tool keepingan‘openline’ to
thegrid to receve informationaboutprogressandtermination.Otherjobs maybe
runin batchmode,with progressandterminationbeingmonitoredusingseparate
tools.

6.3 Job code interface

Theexactwayin whichthejob codeis deliveredto thegrid whenajob is submitted
still needdurther study Someoptionsare: source sharedibrary, executableand
abstractidentifier that canbe submittedto a compilationservice,togetherwith a
platformidentifier, to obtaina platform-specifiexecutable.

As discussedhn sectiond.3,ajob is oftena parallelprogram,consistingof several
worker subjobsandoneaggreationsubjob The exactform of the subjobexecu-
tion interfacesis definedby GriPhyN.A worker subjobgetsa setof productUIDs
asinput, togethemwith theidentitiesof thelocalfiles wherethe productvaluescan
be found. The outputof the worker job is a single packageof information, pro-
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ducedafter all productvalueshave beenread. The job deliversthis packageto
the grid, andthe grid needgo deliver this packageo the aggrg@ationsubjob The
packagedoesnot needto be deliveredsynchronously The exactencodingformat
of theinformationpackages to be decidedater— CMS currentlyhasno standard
for encodingtransientcomple information sentbetweensubjobs. The package
will oftenbefairly small,lessthan50 KB, containingphysicsdatalik e partial his-
togramsor partial eventlists. Sometimesjn the caseof the productionof new
physicstags,.thepackagecanbelarger, upto 2 KB pereventin thesubjob In such
casedile-basedepresentationsf the packagamight becomeattractve.

Note: Needto add more information about the above ‘pr oduction of new
physicstags’, usingthe MONARC conceptof ‘DPD’ objects.

Theinput of theaggr@ationjob is, on startup the productUIDs in thejob request
setand information abouthow thesewere partitionedover the worker subjobs.
While running, the aggr@ation subjobwill wait for the delivery of information

packagegrom all worker subjobs.After the last packagenasbeendelivered,the

job will usegrid serviceso communicatéts outputoutsidethe grid: theformatof

this outputcouldbe a singlepackageof information,or a singlefile.

Notethatneithertheworker subjobsnor the aggreationsubjobchangeary global
statewhenthey run, nor do they engagen ary communicatiorbeyond the form
provided by the grid. The grid thereforedoesnot have to synchronizesubjob
startupin ary way, and canrecover from systemcrashesor network outageshy
justrestartingnew copiesof thelost subjobs.

6.4 Virtual data materialization algorithm interface

Theexactway in whichthe physicsalgorithmcodeis placedin thegrid still needs
furtherstudy seetheprevioussectionfor somealternatves. Algorithmsarealways
executedinside a materializationtask A materializationtaskis a single UNIX
processwith the executablenrappingthe algorithmcodein question As its input
thetaskmaterializatiortakesthe setof namesof thevirtual dataproductst should
compute. As a baseline this setalways hasthe form with a
productselectorithetaskcomputesasingletype of productfor eacheventin some
set. Thetaskalsotakesasinputthe UID of thealgorithmparametedataproduct,
the UIDs of all input dataproductsfor all eventsin  neededby the algorithm,
andthe identitiesof the local files wherethe productvaluescan be found. The
materializationtaskalsoneedso be suppliedwith theidentity of thefile, or files,
in which to placeits output, togetherwith the partitioning stratgy if thereare
multiplefiles.
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Materializationtasksthatcombinemultiple algorithmsto concurrentlymaterialize
multiple outputproductsfor eacheventwould sometimesncreaseefficiencgy, but
arenotabsolutelynecessarysothey arenottakenasabaseline.

The algorithmparametedataproductfor an AOD materializationalgorithmusu-
ally hasa sizeof about6 MB. For an ESD materializatioralgorithm,a full repre-
sentationof the parametewvaluecanbe 1 GB in size,becausehis representation
includesa complete(versionof a) setof detectorcalibrationconstantsover the
completerun period. Shippingthe full parametewalueto every locationwherean
ESD materializationtaskis executedmight be too inefficient. With somecarein
taskgenerationpy makingsurethateachsetof eventsto behandledby ary partic-
ulartaskcoversarelatvely smalldetectordatataking periodonly, it is possibleto
createsubsetof the whole parametewalue, with individual subsesizesassmall
as 10 MB, andship suchsubsetdo the tasks. Furtherdetailsof this calibration
constantgopic arebeyondthe scopeof thisdocumentsee[10] for anintroduction
to the subjectthatincludessizeconsiderations.

6.5 Worker subjob and materialization task overheads

Worker subjobsand materializationtasksdo have somestartupand initialization
overheadsthesewill generallybenegligible if thesizeof thedataproductseadby
the subjobor taskis larger thanabout100 MB, this numberwill dependo some
extentonthejob or taskcode.In practicethis meanghatsubjobsandtaskscannot
not be madearbitrarily smallif efficiency is to be maintained.

Thereare variouspotential /O overheadsvhensubjobsor tasksreadinput data
productvaluesfrom files, and theseneedto be taken into accountby the grid.
A completedescriptionof this topic is beyond the scopeof this documentsome
sourcesare[14], [18], and[19]. Somespecificconsiderationgollow. The large
size of job requestsets,andthe ‘streaming’ natureof productvalue accessjm-
ply thatin-memorycachingof productvaluesis not avery importantoptimization
techniquefor the CMS virtual datagrid. The I/O overheadsn accessingprod-
uct valuesare mainly determinedy the storagesystemhardware. The useof the
Objectvity objectdatabas¢o manageand accesgroductvaluesin a local file,
in steadof goingthroughthe normalUNIX filesysteminterface,doesnot funda-
mentally changenatureof the I/O overheadsthoughObjectvity may add some
specificCPUoverheadslIndexing overheadso find productvaluesinsidefiles will
always be relatively small. It is desirableand often possible to setthingsup in
sucha way that the readingof productvaluesfrom files producessequentiakc-
cesgpatternnthedisk hardware[14] [16]. Oneimportanttechniquen achieing
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this, especiallyif ajob readsmultiple productvaluesfor eachevent,is to pre-sort
the productvaluesin all input files on their correspondingventID value. If the
input files containmary productvaluesthat do not actually needto be read,the
CMS codewill be ableto do ‘sparse’or ‘selective’ readingin orderto save I/0O
resourceslt shouldbe notedhowever thatthe speedup®f dueto this will often
belimited: for exampleon 2005disksit is expectedthatvery sparseeadingof 10
KB productvalueswill easilybe a factor20 slowver than pure sequentiateading
[14]. To presere agood-enoughv/O efficiengy, thegrid schedulersvill likely have
to create'’condensedfiles thateliminatemuchof theneedfor sparseeading[16].
If thegrid is usedmuchto manageadataproductvaluesmuchsmallerthan10 KB,
the sparseaccessssuewill becomeaven moreimportant,becausehe worst-case
overheaddor smallerproductvaluesarestill larger.
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7 Some other documents that may be of interest

TheCMS ComputingTechnicalProposa[3], writtenin 1996,is still agoodsource
of overvian material. More recentsourcesare [1], which hasmaterialon CMS
physicsandits software requirementsand[11] which hasmoredetailsaboutthe
CMS year2005datamodelandexpectedaccespatterns.

Recentestimatedor the CMS needsand systemcapacityin year2006arein [2]
and(for networking)in [7].

A shortwrite-upon CMSIM andvirtual datais [13]. More detailson simulations
usingORCA arein [20] and|[6].
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8 Changes with respect to version 6 of 19 February
2001

Sectionnumberingwaskeptthe same pagenumberinghasshifteda bit.

1. Severalsmallimprovementdo the presentation.

2. Smallchangesn the notationusedfor virtual dataproducts parameters,
platforms,to make this morereadable.

3. Somenotesonthingsthatneedto berevisedwereadded.
4. Revisedbandwidthestimatedbetweerregionalcentreqfigureb).

5. Completedeferencd?], thiswasmarkedas‘availablearoundmarch2001’
in version6.
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