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We describethe PetaByte-scalecomputingchallengesposedby the next generationof particle
physicsexperiments,dueto startoperationin 2005. Thecomputingmodelsadoptedby theex-
perimentscall for systemscapableof handlingsustaineddataacquisitionratesof at least100
MBytes/secondinto an ObjectDatabase,which will have to handleseveralPetaBytesof accu-
mulateddataperyear. Thesystemswill beusedto scheduleCPUintensive reconstructionand
analysistaskson thehighly complex physicsObjectdatawhich needthenbe served to clients
locatedatuniversitiesandlaboratoriesworldwide.Wereportonmeasurementswith aprototype
systemthatmakesuseof a256CPUHPExemplarX ClassmachinerunningtheObjectivity/DB
database.Our resultsshow excellent scalability for up to 240 simultaneousdatabaseclients,
andaggregateI/O ratesexceeding150Mbytes/second,indicatingtheviability of thecomputing
models.

1 Introduction

The Large HadronCollider (LHC) is currentlyunderconstructionat the EuropeanLaboratory
for ParticlePhysicsin CERN,Geneva,Switzerland.Dueto startoperationin 2005,theLHC will
collide particles(protons)at energiesup to 14 TeV, the highestenergy collisionsyet achieved.
Analysis of the collisions will hopefully uncover the Higgs particle, which is believed to be
responsiblefor giving all otherparticlestheir mass.Finding the Higgs,or proving that it does
notexist, is currentlythe’Holy Grail’ of particlephysics.

Collisions in the LHC are expectedto occur at a rate of about800 million per second. Of
thesemillions of events,only about100(or 0.0000001percent)areexpectedto revealtheHiggs
particle. Thecollisionstake placeinsidemassive detectors,whosetaskis to identify andselect
thesecandidateeventsfor recording,aprocesscalled’triggering’. Thetriggeringratein thetwo
mainLHC detectorsis expectedto beapproximately100Hz. Eachcandidateeventis comprised
of approximately1 MByte of combineddatafrom thevery many sub-elementsof thedetector.
The ’raw’ eventdatathusemerge from thedetector’s electronicdataacquisition(DAQ) system
at a rateof around100MBytespersecond.

Theraw eventdataat theLHC will amountto severalPetaBytes(
��� ���

bytes)peryear, eachyear
for theestimatedtwentyyearlifetimeof theexperiments.Thedataarealreadyhighlycompressed
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whenthey emerge from theDAQ system,andthey mustbestoredin their entirety. Fromthese
data,reconstructionsof physics’objects’,suchastracks,clustersandjetswill takeplacein near
real time on dedicatedprocessorfarmsof an estimated

���	�
MIPS. The reconstructedobjects

will addabout200kBytesof extra informationto eachevent. By thetime theLHC programme
reachesmaturity, projectionsindicatethat the total eventdatavolumewill be in excessof 100
PetaBytes.

Managingthis quantityof data,andmakingit availableto thelargemultinationalcommunityof
physicistsparticipatingin theCERNPhysicsProgramme,is anunprecedentedcomputingchal-
lenge. It is a tenetof the communitythat physicistsworking at institutesremotefrom CERN
shouldenjoy the samelevel of accessto the dataas their colleagueslocatedat CERN. This
imposestheconditionontheLHC ComputingModelsthateitherthedatabecontinuouslytrans-
portedacrossthe network or that analysistasks(or queries)be moved ascloseto the dataas
possible.In practice,rapiddecisionson whetherto move thedatain thenetwork, or move the
task,have to bemade.

To tacklethescaleandcomplexity of thedata,thecurrentlyfavouredtechnologiesfor theLHC
ComputingModelsincludeObjectOrientedsoftwareto supportthedatamodel,distributedOb-
jectDatabaseManagementSystems(ODBMS)to managethepersistency of thephysicsobjects,
andHierarchicalStorageManagementsystemsto copewith the quantityof data,andsupport
accessto ’hot’ and’cold’ eventdata.

The GIOD (Globally InterconnectedObjectDatabases)Project[2], a joint effort betweenCal-
tech,CERNandHewlettPackardCorporation,hasbeeninvestigatingtheuseof WAN-distributed
ObjectDatabasesandMassStoragesystemsfor LHC data.Wehavebeenusingseveralkey hard-
wareandsoftwaretechnologiesfor our tests,includinga256CPUCaltechHPExemplarof 0.1
TIPS, the High PerformanceStorageSystem(HPSS)from IBM, the Objectivity/DB ODBMS,
andvarioushigh speedLocal AreaandWide Areanetworks. Oneparticularfocusof our work
hasbeenonmeasuringthecapabilityof theObjectDatabaseto


 supporthundredsof simultaneousclients

 allow readingandwriting at aggregatedataratesof ¿100MBytes/second

 scaleto thecomplexity andsizeof theLHC data.

In this paper, we reporton scalability testsof the Objectivity/DB objectdatabase[3] madeon
the256-processorHPExemplarlocatedat Caltech’s Centerfor AdvancedComputingResearch.
Our testsfocusedon thebehaviour of theaggregatethroughputasa function of thenumberof
databaseclients,undervariousrepresentative workloads,andusing realistic (simulated)LHC
eventdata

2 Testing platform and Object database

Thescalabilitytestswereperformedon theHP Exemplarmachineat Caltech,a 256CPUSMP
machineof some0.1TIPS.Themachineconsistsof 16nodes,whichareconnectedby aspecial-
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purposefastnetwork calleda CTI (seefigure1). Eachnodecontains16 PA8000processorsand
onenodefile system. A nodefile systemconsistsof 4 diskswith 4-way striping, with a file
systemblock sizeof 64 KB anda maximumraw I/O rateof 22 MBytes/second.We usedup to
240processorsandupto 15nodefile systemsin our tests.Weensuredthatdatawasalwaysread
from disk, andnever from the file systemcache.An analysisof the raw I/O behaviour of the
Exemplarcanbefoundin [4].

CTI

Nodes

Nodes

Figure1: Configurationof theHP Exemplarat Caltech

TheExemplarrunsasingleoperatingsystemimage,andall nodefile systemsarevisibleaslocal
UNIX file systemsto any processrunningon any node. If the processandfile systemareon
differentnodes,datais transportedover the CTI. The CTI wasnever a bottleneckin the test
loadswe put on themachine:it wasdesignedto supportsharedmemoryprogrammingandcan
easilyachieve dataratesin the GBytes/secondrange. As such,the Exemplarcanbe thought
of asa farm of sixteen16-processorUNIX machineswith cross-mountedfile systems,anda
semi-infinitecapacitynetwork. ThoughtheExemplaris not a goodmodelfor currentUNIX or
PCfarms,wherenetwork capacityis a majorconstrainingfactor, it is perhapsa goodmodelfor
futurefarmswhichuseGBytes/secondnetworkslikeMyrinet [5] asaninterconnect.

TheobjectdatabasetestedwastheHP-UX versionof Objectivity/DB [3]. TheObjectivity/DB
architecturecomprisesa ’federation’of databases.All databasesin thefederationsharea com-
monObjectscheme,andareindexedin a mastercatalog.Eachdatabaseis a file. Eachdatabase
containsoneor more’containers’.Eachcontaineris structuredasa setof ’pages’(of a unique
size)onto which the persistentobjectsaremapped. The databasecanbe accessedby clients
whichareapplicationslinkedagainsttheObjectivity/DB librariesandthedatabaseschemafiles.
Clientaccessto localdatabasesis achievedvia thelocal file system.Accessto remotedatabases
is madevia an ’AdvancedMultithreadedServer’ which returnsdatabasepagesacrossthe net-
work to the client. Databaselocks aremanagedby a lockserver process.Locksoperateat the
databasecontainerlevel.

We reporton two setsof tests,completedwith differentdatabaseconfigurationsanddifferent
data.

3 Tests with synthetic data

Our first roundof testsusedsyntheticevent datarepresentedassetsof 10 KByte objects. A
1 MByte event thus becamea set of 100 objectsof 10 KB. Thoughnot realistic in termsof
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physics,this approachdoeshave the advantageof giving cleanerresultsby eliminatingsome
potentialsourcesof complexity.

For thesetestswe usedObjectivity/DB v4.0.10. We placedall databaseelements(database
clients, databaselockserver, federationcatalogfile) on the Exemplaritself. Databaseclients
communicatedwith thelockserver via TCP/IPsockets,but all traffic waslocal insidethesuper-
computer. Thefederationcatalogandthepayloaddatawereaccessedby theclientsthoughthe
ExemplarUNIX filesysteminterface.

Thetestloadsweregeneratedwith theTOPSframework [6] which runson top of Objectivity.

Two thingsin theObjectivity architecturewereof particularconcern.First,Objectivity doesnot
supporta databasepagesizeof 64 KB, it only supportssizesup to 64 KB minusa few bytes.
Thus,it doesnot matchwell to thenodefile systemswhich have a block sizeof exactly 64 KB.
After someexperimentswe foundthata databasepagesizeof 32 KB wasthebestcompromise,
soweusedthatthroughoutourtests.Second,theObjectivity architectureusesasinglelockserver
processto handleall locking operations.This lockserver could becomea bottleneckwhenthe
numberof (lock requestsfrom) clientsincreases.

3.1 Reconstruction test

In particlephysics,an’event’ occurswhentwo particlescollide insidea physicsdetector. Event
reconstructionis the processof computingphysicalinterpretations(reconstructeddata)of the
raw eventdatameasuredby thedetector.

We have testedthedatabaseunderanevent reconstructionworkloadwith up to 240clients. In
this workload,eachclient runsa simulatedreconstructionjob on its own setof events.For one
event,theactionsareasfollows:


 Reading:1 MB of ’raw’ datais read,as100objectsof 10 KB. Theobjectsarereadfrom
3 containers:50 from the first, 25 from the second,and 25 from the third. Inside the
containers,theobjectsareclusteredsequentiallyin thereadingorder.


 Writing: 100KB of ’reconstructed’datais written,as10objectsof 10KB, to onecontainer.

 Computation: �
� �����

MIPSsarespentper event (equivalent to 5 CPU secondson one
ExemplarCPU).

Reading,writing, andcomputingareinterleaved with oneanother. The datasizesarederived
from theCMS computingtechnicalproposal[1]. The proposalpredictsa computationtime of
��� ����� MIPSsperevent.However, it alsopredictsthatCPUswill be100timesmorepowerful (in
MIPS per$) at LHC startupin 2005.We expectthatdiskswill only bea factor4 morepowerful
(in MBytes/secondper $) in 2005. In our testwe chosea computationtime of ���

�����
MIPSs

pereventasacompromise.Theclusteringstrategy for theraw datais basedon [7]. Thedetector
is divided into threeseparatepartsanddatafrom eachpartareclusteredseparatelyin different
containers.Thisallowsfasteraccessfor analysistaskswhichonly requireneedsomepartsof the
detector. Thedatabasefilesaredividedoverfour Exemplarnodefile systems,with thefederation
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catalogandthejournalfilesonafifth file system.In readingtheraw data,weusedtheread-ahead
optimisationdescribedin section4.
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Figure2: Scalabilityof reconstructionworkloads

Theresultsfrom our testsareshown in figure2. Thesolidcurveshowstheaggregatethroughput
for theCMS reconstructionworkloaddescribedabove. Theaggregatethroughput(andthusthe
numberof eventsreconstructedper second)scalesalmostlinearly with the numberof clients.
In the left part of the curve, 91% of the allocatedCPU resourcesarespentrunningactualre-
constructioncode. With 240 clients,83% of the allocatedCPU power (240 CPUs)is usedfor
physicscode,yielding anaggregatethroughputof 47 MBytes/second(42 events/s),usingabout
0.1TIPS.

Thedashedcurve in figure2 showsaworkloadwith thesameI/O profileasdescribedabove,but
half asmuchcomputation.This curve shows a clearshift a from CPU-boundto a disk-bound
workloadat 160clients. Themaximumthroughputis 55 MBytes/second,which is 63%of the
maximumraw throughputof thefour allocatednodefile systems(88 MBytes/second).Overall,
the disk efficiency is lessgoodthanthe CPU efficiency. The mismatchbetweendatabaseand
file systempagesizesdiscussedin section2 is oneobviouscontributing factorto this. In tests
with fewerclientsonaplatformwith a16KByte file systempagesize,wehaveseenhigherdisk
efficienciesfor similar workloads.
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3.2 The read-ahead optimisation

Whenreadingraw datafrom the containersin the above reconstructiontests,we useda read-
aheadoptimisationlayerbuilt into our testbed.Thelayertakestheform of aspecialisediterator,
whichcausesthedatabaseto readcontainersin burstsof 4 MByte (128pages)ata time. Without
this layer, the(simulated)physicsapplicationwouldproducesinglepagereadsinterspersedwith
computation.Testshaveshown thatsuchlessburstyreadingleadsto a lossof I/O performance.

In [7] we discussedI/O performancetestsfor a singleclient iteratingthroughmany containers,
with andwithout the read-aheadoptimisation.Here,we will considerthecaseof N clientsall
iteratingthroughN containers,with eachclient accessingonecontaineronly. Thecomputation
in eachclient is again ���

�����
MIPSsperMegabyteread.Containersareplacedin databaseson

two nodefile systems,which havea combinedraw throughputof 44 MBytes/second.
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Figure 3: Performanceof manyclientsall performingsequentialreadingon a con-
tainer

Figure 3 shows that without the read-aheadoptimisation,the workload becomesdisk-bound
fairly quickly, at 64 clients. Apparently, a lot of time is lost in disk seeksbetweenthedifferent
containers.In this test,thelack of a read-aheadoptimisationdegradesthemaximumI/O perfor-
mancewith a factorof two. Becauseof theresultsin [7], weexpectthattheperformancewould
have beendegradedeven morein the reconstructiontestof section3, whereeachclient reads
from threecontainers.
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3.3 DAQ test

In this test,eachclient is writing a streamof 10 KByte objectsto its own container. For every
event (1 MByte raw data)written, about180 MIPSs(0.45CPU secondson the Exemplar)are
spentin simulateddataformatting.For comparison,0.20CPUsecondsarespentby Objectivity
in objectcreationandwriting, andthe operatingsystemspends0.01 CPU secondsper event.
No readoperationson flat files or network readsaredoneby theclients. Thedatabasefiles are
dividedover eightnodefile systems,with thefederationcatalogandthejournalfiles on a ninth
file system.
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Figure4: Scalabilityof a DAQ workload

The testresultsareshown in figure4. Again we seea transitionfrom a CPU-boundto a disk-
boundworkload.Thehighestthroughputis 145MBytes/secondat 144clients,which is 82%of
themaximumraw throughputof theeightallocatednodefile systems(176MBytes/second).

In workloadsabove100clients,whenthenodefile systemsbecomesaturatedwith write requests,
thesefile systemsshow somesurprisingbehaviour. It cantake very long, several minutes,to
performbasicoperationslike syncinga file (which is doneby thedatabasewhencommittinga
transaction)or creatinga new (database)file. We believe this is dueto theappearanceof long
’file systemwrite request’queuesin the operatingsystem. During the test,otherfile systems
notsaturatedwith write requestsstill behaveasusual.Weconcludefrom this thatoneshouldbe
carefulin saturatingfile systemswith write requests:unexpectedlongslowdownsmayoccur.
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Figure5: Client startupin the
� � ����� MIPSsreconstructiontest

3.4 Client startup

Wemeasuredthescalabilityof clientstartuptimesthroughoutour tests.Wefoundthattheclient
startuptimedependsonthenumberof clientsalreadyrunningandonthenumberof clientsbeing
startedat thesametime. It dependsmuchlessonthedatabaseworkload,at leastif thefederation
catalogand journal files areplacedon a file systemthat is not heavily loaded. With heavily
loadedcatalogandjournalfile systems,startuptimesof many minuteshavebeenobserved.

Figure5 showsastartuptimeprofile typical for our testworkloads.Here,new clientsarestarted
in batchesof 16. For client number240,thetime neededto openthedatabaseandinitialise the
first databasetransactionis about20 seconds.Theclient thenopensfour containers(locatedin
threedifferentdatabasefiles), readssomeindexing datastructures,andinitialisesits reconstruc-
tion loop. Some60 secondsafterstartup,thefirst raw dataobjectis read.If a singlenew client
number241is startedby itself, openingthedatabaseandinitialising thetransactiontakessome
5 seconds.

4 Tests with real physics data

Our secondroundof testswroterealisticphysicseventdatainto thedatabase.Thesedatawere
generatedfrom a pool of aroundonemillion fully simulatedLHC multi-jet QCD events(figure
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6). Thesimulatedeventswereusedto populatetheObjectivity databaseaccordingto anobject
schemethatfully implementedthecomplex relationshipsbetweenthecomponentsof theevents.
Theaveragesizeof theeventsusedin thetestswas260KB.

Figure6: A typicaleventwith its tracks,detectorspacepointsandenergy clusters

In thesetestswe usedObjectivity/DB v5.0. Only thedatabaseclientsandthepayloaddatabase
files werelocatedon theExemplarsystem.The lockserver wasrun on anHP workstationcon-
nectedto the Exemplarvia a LAN. The databaseclientscontactedthe lockserver over TCP/IP
connections.The federationcatalogwasplacedon a C200HP workstation,connectedto the
Exemplarovera dedicatedATM link (155Mbits/second).Theclientsaccessedthecatalogover
TCP/IPconnectionsto theObjectivity/DB AMS server, which ranon theC200workstation.

Theeventdatain thesetestswerewritten usingthesoftwaredevelopedin theGIOD project[2].
Eachdatabaseclient first read12 eventsinto memory, thenwrote themout repeatedlyinto its
own dedicateddatabasefile. Oncethedatabasefile reacheda sizeof about600MBytes, it was
closedanddeletedby theclient. Thentheclient createdandfilled a new databasefile. This was
arrangedto avoid exhaustingfile systemspaceduringthetests.In a realDAQ system,periodic
switchesto new databasefileswouldalsooccur, whilst retainingtheold databasefiles.
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Databasefileswereevenlydistributedover15nodefile systemson theExemplar. Of thesenode
file systems,ten contain4 disksareratedat 22 Mbytes/secondraw, the remainingfive contain
fewer disksandachieve a lower throughput.The 15 nodefilesystemsusedcontain49 disksin
total.

Weusedtwo differentdatamodelsfor theeventdatato bewritten:


 In one set of tests,we wrote data in the ’GIOD datamodel’ which is the datamodel
developedin theGIOD project[2]. In this datamodel,a raw eventconsistsof 6 objects,
eachof theseobjectsplacedin a differentObjectivity containerin thesamedatabasefile,
andwith objectassociations(links) betweentheseobjects.Theobjectsin theGIOD data
modelareshown in figure7.

4 objects containing detector hitmaps

Top level event object

Top level raw event object

Object association (link)

Figure7: Objectsandtheir relationsin theGIOD datamodel


 We rananothersetof teststo quantifytheoverheadsassociatedwith theGIOD eventdata
model. Thesetestsuseda simpler ’1–containerdatamodel’, in which all 6 objectsin
theGIOD raw eventwerewritten to a singlecontainer, without objectassociationsbeing
created.

4.1 Test results

We ran testswith 15, 30, and45 databaseclientswriting eventsconcurrentlyto the federated
database,with thetwo differentdatamodelsdiscussedabove. Figure8 showsthetestresults.The
1–containerdatamodelshows a bestaggregatethroughputrateof 172MBytes/second,reached
with 45 runningclients.With theGIOD datamodela rateof 154MBytes/secondwasachieved
whenrunningwith 30 clients.Wenotethattheoverheadassociatedwith theGIOD modelevent
structureis not significant.

4.2 Analysis of the scaling limit in figure 8

In theearliertestswith syntheticdata(section3), thescalingcurvesflattenout,whenmoreclients
areadded,becauseof limits to theavailablediskbandwidthon theExemplar. In therealphysics
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Figure8: DAQ testswith real physicsdata

datatestsof figure8, thecurvesflattenout beforetheavailabledisk bandwidthis saturated.In
thiscasewefoundthatanaccessbottleneckto thefederationcatalogfile wasthelimiting factor.

In the testsof figure8, thecatalogfile is locatedremotelyon a C200workstationconnectedto
theExemplarwith anATM link. A client needsto accessthecatalogfile whenever it createsa
new database,andwhenever it deletesa databaseafterclosingit on reachingthe600MB limit
discussedabove. Throughoutour tests,we found that no more thanabout18 pairsof ’delete
andcreatenew database’actionscouldbeperformedeveryminute.This wasirrespectiveof the
numberof clientsrunning: in relatedtestswe ranwith up to 75 clients,andobservedthatonly
about30 to 45 clientswereactively writing to the databaseat the sametime. All remaining
clientswerebusywaiting for their turn to accesstheremotecatalogfile.

Thebottleneckin accessto theremotecatalogfile wascausedby asaturationof thesingleCPU
on the C200 workstationholding the catalog. The AMS server processon the C200, which
providedremoteaccessto thecatalogfile, usedonly some10–20%of theavailableCPUtime.
Theremainderof theCPUtime wasspentin kernelmode,thoughwe arenot sureon what. The
dedicatedATM link betweentheC200workstationandtheExemplarwasnot saturatedduring
our tests:peakobservedthroughputswere1.2MBytes/second,well below its 155Mbits/second
capacity. Most (80%)of theATM traffic wastowardstheExemplarsystem,consistentwith the
databaseclientsreadingmany index pagesfrom thecatalogfile, andupdatingonly a few.

An obvious way to improve on the scalinglimit is to createlarger databasefiles, or to put the
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catalogfile locally on theExemplarsystem,aswasdonein thetestswith syntheticdata(section
3). Anotheroptionis to createa largenumberof emptydatabasefiles in advance.

5 The lockserver

Thelockserver, whetherrun remotelyor locally on theExemplar, wasnota bottleneckin any of
our tests.Froma studyof lockserver behaviour underartificial databaseworkloadswith a high
rateof locking,we estimatethat lockserver communicationmaybecomea bottleneckin a DAQ
scenarioabove1000MBytes/second.

6 Conclusions

In the first seriesof tests,with all componentsof the Objectivity/DB systemlocatedon the
Exemplar, weobservedalmostidealscalability, up to 240clients,undersyntheticphysicsrecon-
structionandDAQ workloads. The utilisation of allocatedCPU resourceson the Exemplaris
excellent,with reasonableto goodutilisationof allocateddisk resources.It shouldbenotedthat
theExemplarhasavery fastinternalnetwork.

In thesecondseriesof teststhedatabaseclientswerelocatedontheExemplar, andtheObjectivity
lockserver, AMS andcatalogwerelocatedremotely. In this configuration,thesystemachieved
aggregatewrite ratesinto thedatabaseof morethan170MBytes/second.This exceedsthe100
MBytes/secondrequiredby theDAQ systemsof thetwo mainLHC experiments.

Ourmeasurementsconfirmtheviability of usingcommercialObjectDatabaseManagementSys-
temsfor largescaleparticlephysicsdatastorageandanalysis.
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