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Abstract

Clustersof commodityPCsareanattractiveplatformfor parallel databasesrunninglargeOLAP(OnLineAnalytical
Processing)workloads. Using a high numberof clusternodescould result in a significantspeed-upfor processing
a very large dataset. Still engineeringsuch systemsfor scalabilityandgoodperformanceremainsa highly difficult
task,sincewe still are lacking a deepunderstandingof the architectural issuesof resourceusage andscalability of
OLAP applicationson costeffectiveclusters of PCs. A considerable amountof work mustbe investedinto better
performanceanalysistoolsthat work well with parallel- anddistributedplatformsandwith standard DBMSs.While
standard DBMSshelp the application writer to reduceprogrammingeffort, they often causeloss of control over
performanceissuesresultingin suboptimalusageof machineresources.
To addressthis problem,we presenta novel performancemonitoringframework called invertedmiddlewareframe-
work (MW

� 1). Our approach emphasizestheaspectof reversemappingtheresourceabstractionsintroducedby the
middleware layer (e.g. theDBMS)in termof resourceusagecost.Invertedmiddleware frameworkassiststheprocess
of performanceengineeringby mappinglow level performanceinformation,monitoredat theoperatingsystemlayer,
back to a higherlayer (i.e. theapplicationlayer) filtering fromperformancecountersamplesat theoperatingsystem
level anddeliveringgoodoverall performancepicturesat a higher level of abstraction. Theframework is usedside
by sidewith theDBMSanddeliversmanyinterestinginsightsaboutthemostcritical resourcein each of thedifferent
queriesand systemsconfiguration. As required for a larger distributedhardware/software system,our framework
comprisessomesoftware instrumentationat the OSlevel, tools for gatheringall performancerelevant data and an
analyticalmodelthat canbeusedfor performanceevaluationandperformancepredictionto newerplatforms.
In this report,wedemonstrate the viability of our approach with the in depthanalysisof TPC-D,a standard OLAP
benchmarkrunning on clusters of commodityPCs. With the help of data providedby our performancemonitoring
framework,weare ableto isolateandresolvea few crucial performanceissuesfor OLAPworkloads.Asexpertsfor
thearchitectureof clusters,weintentionallylimitedour experimentalwork to two fixeddistribution scheme(relations
mustbedistributedto permitscalabilityto largedatasets)leavingtheissuesof optimaldatadistribution andoptimal
useof indicesto our databaseexperts.Asa result,wecangivea goodcharacterizationof differentOLAPworkloads
(i.e. the17queriesof theTCP-D)in termsof their resourceusage, quantifytheoptimalscalabilityfor differentqueries
andinvestigatetheimpactof thenetworkingspeedon theoverall applicationperformance. We canshowthat thedisk
performanceandCPU speedremainsthemostcritical resourcebottleneck a majority of thequeries.Querieswith a
lot of inter-nodecommunicationare ratherlimited by thecommunicationsoftware inefficiencywithin theDBMSthan
by theraw networkingspeeds.We think that our work constitutesa solid basisfor future architectural decisionsand
systemoptimizationin clustersof PCsthatarededicatedto largeparallel databasesystems.

Keywords: parallel databases,distrib uted OLAP processing,cluster architectures,cluster of PCs,performance
analysis,workload characterization
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1 Intr oduction

Clustersof commodityPCshave becomea highly popularplatformfor distributedcomputingsincesimplePCwork-
stationshave oneof thebestpriceperformanceratiosin themarket for computingequipment.Moving largeOLAP
(On Line Analytical Processing)databaseworkloadsto clustersof commodityPCslooks very temptingbecauseof
the lower costof clustersandthe significantpotentialfor speed-up.As any othereffort in parallelanddistributed
computing,the successdependson properperformanceanalysisof the entiresystemincluding hard-andsoftware.
Engineeringsuchsystemsfor scalabilityandgoodperformanceremainsa highly difficult task,sincewe arelacking
toolsandinstrumentationfor performanceanalysisthatwork in distributedsystems.

1.1 The Benefitof Middlewar eLayer (MW)

The functionality and the integrationof applicationprogramshave greatly increasedover the past10 years. This
increasein complexity of applicationswasenabledby numerousmiddlewarelayerssolving mostdifficult low level
programmingproblemson behalf of the applicationwriter. Programmingat the lowest abstractionlevel remains
a cumbersometask and is avoided whenever possible. A middleware layer (MW) is a pieceof installedsoftware
that allows the applicationwriter to work on his problemat a higher level of abstraction. So in our approach,a
middlewarelayermaybea blackbox layersuchasORACLE DBMS (DataBaseManagementSystems)or anopen-
sourcemiddlewarepackagessuchasMPI.
Middlewarelayerscaneffectivelyhidesystemdependentdetailsandpermitsapplicationstobeportedmoreeasilyfrom
onemachineto another. This is particularlyimportantsincethelifespanof a goodapplicationprogramis muchlarger
thanthelifespanof a computerplatform. In parallelanddistributedcomputing,many middlewarelayersaddressthe
problemof distributing largeworkloads,in particular, they readilysolvetheproblemsof datacommunicationbetween
thedistributedentities,theissuesof datapartitioning,dataallocationandloadbalancing.

1.2 The Problemsof Middlewar eLayer

The fundamentalproblemwith middleware layersis that the applicationwriter no longer thinks at a systemlevel
suitablefor performancedebuggingbut at a level of abstractionthatis muchhigher. Themiddlewarelayertakescare
of mappingthe high level commandsanddirectivesto low level systemcalls. But whenit comesto debuggingor
performancetuning,mostmiddlewarelayersarenot properlyinstrumentedandthereforedo not mapthesystemstate
or theperformanceindicatorsbackto thehigherAPI level. This is themostimportanthindranceto find bottlenecks
andmany applicationwritersarecompletelylost oncethey have to trackdown badperformancein theapplicationor
evenfind lossesof efficiency in themiddlewarelayercodeitself.

1.3 The Conceptof Inverted Middlewar eFramework (MW � 1)

In this report,we developandexplain thenovel conceptof invertedmiddleware framework (MW
� 1) for performance

analysisandperformanceoptimization.Invertedmiddlewareframework assiststheprocessof performanceengineer-
ing by mappingthe basicperformancemonitoring informationof the operatingsystemback to the higher level of
abstractionfor which theapplicationcodeis written. Therelationshipbetweenmiddlewarelayerandinvertedmiddle-
wareframework is very similar to therelationshipof a parallelizingcompilerfor a high level programminglanguage
andthehighly advancedsourcelevel debugger. We demonstratetheviability of this approachin thefairly advanced
environmentof “sharednothing” distributeddatabasesrunningOLAP (On-Line Analytic Processing)workloadson
clustersof commodityPCs.

1.4 A Typical Study Casewith Suboptimal Performance

In the studydescribedin this report,we look at the ORACLE DBMS asa middlewarelayer on top of the LINUX
operatingsystemandsupportingthedistributedTPC-Dbenchmarkchosenasatypicalexampleof OLAP applications.
The scalabilityof the differentTPC-D querieson PC clusterspresentsa pictureof unpredictableperformanceand
speed-upnumbersthatseemto behighly sensitive to thenatureof theworkload.Figure1 shows a typical studycase
for theTPC-Dbenchmarkdistributedwith TP-Lite(asoftwaretool for distributingqueries)onthreenodesof acluster
of PCs.We expecta speed-upof almostthree(shown with theupperline in thepicture)however, not all thequeries
arespedup (i.e queries2, 9 and10) andsomeof them(i.e. queries5 and7) do not evenendin a reasonabletime due
to someinefficiency in parallelprocessing.
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Figure 1. Scalability for the TPC-D benc hmark distrib uted across three nodes of a cluster of commodity PCs with

TP-Lite

1.5 Stateof the Art for PerformanceTuning on DBMSs

For studyingthe reasonof suboptimalperformancevalues,mostDBMSs incorporateelaborateinstrumentationfor
performancemonitoringandtuning [9, 6], but suchinstrumentationnormally works on the basisof datacollection
within the DBMS itself andnot on the basisof mappingthe operatingsystemstateor the basicperformancemoni-
toring databackto anabstractionlevel that is moreappropriatefor a user. In particular, theperformancemonitoring
instrumentationof ORACLE only accountsfor the total count of operationsand doesneitherallow to efficiently
sampleperformancecountsat certainintervalsnor allow for this informationto becollectedefficiently from a large
numberprocessingnodesin a cluster. While someof thelogicalor tableaccesscountswouldcertainlybeinteresting,
mostperformanceinformationof the databasemanagementsystemdoesnot directly relateto the usageof physical
resourcesin adistributedsystemandis thereforehardto usein aframework thataimsatpredictingtheexecutiontime
basedon applicationandplatformparameters.
In applicationsthat usemultiple processorsanddistribute a large workloadfor the sake of higherexecutionspeed,
properengineeringfor performanceandscalabilitybecomesa crucial concern.A preciseunderstandingof resource
utilization is not just requiredfor fine tuninga runningsystem,but alsofor thepredictionof scalabilityor thestudyof
viability of theapplicationon new, alternativeplatformssuchase.g.clustersof low costcommodityPCs.

1.6 Goalsof the PerformanceStudy in this Report

Our maincontribution in this reportis to explain preciseresourceusageandthescalabilityof theTPC-Dbenchmark
runningon clustersof PCsby meansof our framework, the invertedmiddlewareframework. We demonstratethat
thereis indeeda systematicway to filter the raw performancedataprovided by the operatingsystemandturn the
resultinto a moreabstractperformancepicturethatreflectsthetheresourceusageof thedistributedapplicationcode.
As clusterarchitects,we canimprovetheconfigurationof futurePCclustersbasedon this dataaboutresourceusage.
Dependingon themostperformancecritical resources,we canimprove thecost/performanceratio by usingcheaper
or moreexpensive CPUs,disks,memorysystems(motherboard)or interconnectsbetweenthe nodes.If we canuse
cheapercomponentswithout penaltyin performance,we canafford a largernumberon nodesin a cluster.
Sinceclustercomputingis alwaysaboutthebestuseof commoditycomponents,we look at parallel-anddistributed
systemsbuilt entirely commodityhardware and commercialsoftware components.In particular, we combinethe
opensourceoperatingsystemLINUX with theproprietarysinglenodeDBMS of ORACLE anda leanexperimental
softwarelayer for thedistributing processingof queries.Thehigh performancedatabasesystemfor decisionsupport
workloadscanbe classifiedasa shared-nothingarchitecture.Sincewe areinterestedin usingclusterfor very large
datasetsexceedingthedisk capacitiesof a singlenode,our datadistribution schemerelieson partitioningratherthan
onreplication.
The restof thepaperis organizedasfollows: Section2 describesour approachto distribute the OLAP workloadto
the nodesof a PC clusterbasedon the TP-Lite systemandthe basiccharacteristicsTPC-D benchmark.Section3
presentsourperformancemonitoringframework, theinvertedmiddlewareframework(MW

� 1), for distributedsystems
usingraw performancedatasuppliedby theoperatingsystem.Section4 appliesourmethodologyto threeperformance
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issuesin distributeddatabases.Weusetheframework to characterizetheworkloadof TPC-Dandclassifythedifferent
queriesaccordingto their resourceusage,to investigatethescalabilityproblemsof certainqueriesandto determine
theperformanceimpactof differentinterconnectspeedsfoundin modernPCclusters.Section5 concludesthepaper
with a statementabouttheviability of ourapproachto instrumentacomplex systemof standardsoftwareproperlyfor
performanceanalysisandperformanceoptimization.

2 Parallel TPC-D Benchmark on a Cluster of PCs

In this Sections,we givea brief overview on theTP-Lite approachandtheimplementationof theTPC-D[17] bench-
markaccordingto [1]. Furthermore,we discussvariouscharacteristicsof theplatformandthemiddlewarelayerand
describethedimensionsof thefactor- andtheparameterspaceof thebenchmarkfor workloadcharacterization.

2.1 Distrib uting OLAP Workloads on Clusters of PCs

Our performanceanalysismethodwasmotivatedstronglyby OLAP (On-LineAnalytic Processing)applicationsrun-
ning in parallelon a clusterof PCs.ThePowerDB projectat ETH Zurichdealsmainlywith OLTP(On-LineTransac-
tion Processing)workloads,but still providedmany ideasandsoftwaretoolsfor parallelqueries(TP-Lite). We prefer
to work with OLAP workloads(e.g. TPC-D [17]) over working with OLTP applications(e.g. TPC-C [16]) since
OLAP applicationsalwaysdealswith largequantitiesof datathatcouldpotentiallybenefitfrom high speedintercon-
nectsin advancedPCclusters.Furthermorehigh performanceworkloadsin OLTP do requirea very largenumberof
simultaneousqueriesto scale,andin generalthey do not result in largedatatransfers.Therefore,largescaleOLTP
jobsaremuchharderto generatethanlargescaleOLAP jobs,andlessinterestingfor computerarchitects.
Westill usetheTPC-D[17] benchmarkasarepresentativeof OLAP applicationsfor historicalreasonsbut couldeasily
migrateourapproachto TPC-Hor TPC-Randthequalitativeaspectsof thisarticlewouldremainthesameif thethose
morerecentbenchmarkswereused.Someof thenewerwork in thePowerDBprojectalsodealswith updates.

2.2 TP-Lite Approach

In principle, a distributed implementationof a databaseon a clusterof PCsworks as follows: clients sendtheir
requests(i.e. SQL-transactions)to a so-calledcoordinator. Thecoordinatoranalyzestheserequests,partitionsthem
into several independentsub-transactions,androutesthe sub-transactionsto the nodeswithin the cluster. The goal
of thepartitioningandtherouting is to minimize responsetimesof queriesandto maximizethethroughputof SQL
transactions.While thegeneralapproachis rathercomplex dueto updateoperationsandconcurrency, we concentrate
hereon a query-onlyenvironmentasthis is sufficient for mostwork in OLAP. In this case,we do not have to deal
with replication,concurrency, dynamicpartitioningof data,andcrashrecovery (see[13, 14, 8] for moredetails). In
our simplifiedapproachbasedon a shared-nothingarchitecture,we usea staticanddisjoint partitioningof thedatain
thecluster. Queriesaresentto all nodesandtheunionof their resulttuplesformstheoverallanswerof thequery. The
partitioningis suchthateachnodehasto touchaboutthesameamountof datafor queryevaluation.
With TP-Lite,aqueryis executedin amaster-slavesettingusinganinstanceof ORACLE8oneachnode,its proprietary
databaselinks, andPL/SQL [12]. The coordinatorrunsboth the masterandslavesin independenttransactionsand
we useORACLE pipesastheir communicationprimitive. An SQL-queryis executedasfollows: the mastersends
a messageto all slavesover ORACLE pipesto initiate queryexecution.Eachslave executesthe SQL-queryagainst
thedatabaseof a dedicatednodein theclusterusinga databaselink. Theresulttuplesaresentbackto themasteras
messagesoverasharedORACLE pipe.TP-Litecanbeseenasa poorman’s implementationof aparalleldatabase.
AlthoughBöhmet al. [1] reportedthatTP-Lite is easilyoutperformedby usinga TP-monitoror a proprietarycoor-
dinationlayer, we have usedtheTP-Lite implementationin conjuctionwith OLAP on clustersof commodityPCsto
demonstratetheability of our invertedmiddlewareframework to detectandidentify performancebottlenecks.As seen
in Section4, our methodologyis ableto documentandexplain why theTP-Lite approachis not alwaysscalingwell
whenincreasingthemachinesizeto a largeramountof clusternodes.

2.3 The TPC-D Benchmark

TheTPC-Dbenchmarkconsistsof a broadrangeof decisionsupportapplicationsthatrequirecomplex, long running
queriesagainstlargedatastructures.Althoughthisbenchmarkcameobsoletein 1999,westill useit asarepresentative
of OLAP applicationsfor historicalreasonsbut we could easilymigrateour approachto TPC-H or TPC-Randthe
qualitativeaspectsof thisarticlewouldremainthesameif thesemorerecentbenchmarkswereused.Furthermore,we
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arenot interestedin publishingnew resultsfor this benchmark,ratherour aim is to demonstratehow our particular
performanceanalysisframework mayhelpin detectingbottlenecksandarchitecturalproblems.
TheTPC-Dbenchmarkcontains6 dimensiontables(Customer, Nation,Region, Supplier, Part, PartSupp)and2 fact
tables(Order, LineItem). Out of the17 queriesof theTPC-Dbenchmark,we mainly usedquery1, 3, 4, 8 and12 for
theexperimentssincethey readlargepartsof the fact tables.As mentionedabove, our implementationof a parallel
databaseusesstaticpartitioningof data.While thedimensiontablesarefully replicatedon all nodes,thedataof the
facttablesis disjointly distributedoverthenodesof thecluster. Sincethequeriesunderconsiderationrunagainstlarge
partsof the fact tables,we achieve a speedup with theclustersimply dueto thereducedvolumeof datatouchedby
eachnode. For the experiments,we usedtwo differentpartitioningschemes.The first scheme(1 � part) partitions
only theLineItemfact table,thesecondone(2 � part) partitionsboth fact tables.Further, notethatour partitioning
schemeandthe selectionof the queriesguaranteethat the union of the result tuplesgeneratedby the nodesin the
clusteris equalto theresultsetof thequeryagainsttheentiredatabase.However, it is beyondthescopeof this paper
to discussthis issueandrelatedonesin moredetail.

2.4 Platform Characterization

Clustersof commodityPCsarebecominganincreasinglypopularnew platformfor largeprocessingtasks.Therefore,
welook at theexecutionof parallelqueriesontopof multiple instancesof ORACLE runningoneachnodeof acluster
of PCsunderthe LINUX operatingsystem.We refer to the databasesoftwareneededto do this taskasmiddleware
layer. An application-runin ourexperimentdependsonseveralparameterscontrollingtheworkloadandtheexecution
environment.Theparametersunderinvestigationarecalledfactors.Most factorsareexternalandunderthecontrol
of theapplicationwriter. However, our approachalsodealswith intrinsic parametersthataffect performancebut are
not directly visible to theapplicationwriter suchasthesetof factorsrelatedto thecharacteristicsof theplatform(i.e.
the architectureof the PC cluster)that we definethe platform factors. Among themwe considerthe factorsat the
following levels:

theclock rateof theCPU(tclock cycle) 400MHz PentiumII or 1000MHz PentiumIII
theaveragedisk readperformance1 (disk rate) 22.0MB/s (slow disk)or 30.5MB/s (fastdisk)
theaveragediskaccesstime(trand access) 7.3ms(slow disk) or 6.8ms(fastdisk)
thespeedof thenetwork interconnect(network speed) 100Mbit/s (FastEthernet)or

1000Mbit/s (GigabitEthernet)
thenumberof slavesin thecluster(ns) 1, 3 or 6 processingnodes2

Besidesthefactors(parametersunderinvestigation),someparametersareheldat constantlevel for this investigation.
For the sake of betterexplanation,they arewritten asvariablein the analyticalperformancemodelof the inverted
middlewareframework. Among themarethe clock cycle per instruction(CPI = 1) linking CPU clock-frequencies
to integerperformance,thesizeof a memoryblock (blk = 512),which is an importantconstantin the I/O buffering
systemof LINUX, the physicalcapacityof the disks(disk size= 18 GB), the total sizeof the tablesin the TPC-D
databasebenchmark(10GB)andthememorysize(256MB).
The main motivation behindthe migration of OLAP databasework to clustersof PCsis to run hugedatabasesof
terabyte-scaleon PCclustersthatareequippedwith a largenumberof inexpensivedisks. For fasterexperimentation
with differentclusterconfigurations,we scalethe problemsizedown to 10GB andartificially limit memorysizeon
eachnodeto keeptheoriginalbalancein thestoragehierarchy.

3 PerformanceEvaluation in the Context of Distrib uted Systems

3.1 Inverting the Middlewar eLayer Functionality (MW
� 1)

To addressthe problemof filtering and abstractingthe raw data,we proposeto createa framework that we will
call “invertedmiddleware”. This framework is working in the environmentof distributedcomputingandcomprises
softwareinstrumentationat theOSlevel, performancedatagatheringtoolsandananalyticalmodelthat is tailoredto
aparticularapplication.

1The disk characteristicsin detail are: slow disks,SeagateSCSIST318203LW: with a min/avg/maxthroughputof 14.5/22.0/26.9MB/s and
accesstime 7.3msec,thefastdisksareSeagateSCSIdisksST318404LW with a throughputof 22.8/30.5/36.3MB/s and6.8msecaccesstime.

2Thepowerdatabaseprojectaimsat thescalabilityto a largernumberof nodes(16,32,or 64processors),however measuringsuchtaskrequires
very largedatasets.With our currentexperiments,we use10 GB of datawhich is adequatefor 1, 3, 6 processors.We planto extendour work to
thenew 128node“Xibalba” databaseclusterassoonaswemanagetheengineeringchallengeof generatinganddistributing datasetsof 100GB to
10TB sizewith LINUX.

5



Unlike previous work that focusespurely on instrumentation,our approachemphasizesthe aspectof mappingand
reversemappingof abstractionsin themiddlewarelayerandinvertedmiddlewareframework respectively. Wepropose
that the invertedmiddlewareframework is developedseparatelyandthat its functionality is not to be integratedwith
themiddlewarelayer itself. This approachmight imposesomelimitations in whatperformancedatacanbegathered
andwhatproblemscanbeanalyzed,but ourexperiencewith manualinstrumentationof specificmiddlewarelayers[15]
hasshown thatdevelopersrarely careto instrumenttheir middlewarelayer for backwardmappingsystemstateinto
userlevel abstractions.Mostmiddlewarelayersareproprietaryor far to complex to modify andcanthereforeonly be
usedasa blackbox in largesoftwaresystems.
Figure2 summarizestherelationshipsbetweenmiddlewarelayerandinvertedmiddlewareframework astwo partsof
a complex softwaresystempermittingthe developmentandthe performanceanalysisof applicationshand-in-hand.
The graphshows someobviousstructuralsymmetries(notethe interestingcombinationof horizontalandrotational
symmetries).
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Figure 2. Symmetric structure of mid dleware layer and inver ted mid dleware frame work executing with an application

code on a par ticular system platf orm.

In complex systems,themappingof high level abstractionsto operatingsystemspecificfunctionsresemblesa chain
of mathematicalfunctionsleadingfrom thehigh level applicationcalls to theAPI of themiddlewarelayerandto the
low level systemcalls of the underlyingoperatingsystems.Therefore,it is mostobvious to usea similarly layered
implementationof inversemappingfunctionsto project the systemstateandthe performancemonitoringdatainto
the abstractworld of the applicationlayer. This approachof decomposingcomplex distributedsystemsinto layers
shouldbeviableaslongasthedistributedsystemin questionshows thepropertyof nearly-completedecomposability
asstatedby Courtois[4, 5]. According to the criteria given by Courtois,we found this propertyin the distributed
systemusedfor our distributedOLAP application.Therefore,we canbreakour systeminto subsystemsandpropose
their aggregation in singleblocks or layers. This techniquepermitsto study the interactionsamonglayers(weak
interactions)without knowing andconsideringthe interactionswithin thelayersthemselves(stronginteractions)and
thereforewecantreateachlayersof thesystemseparatelyasablackboxandtry to find aninverseto its functionality.
Suchis requiredsincewe do not have sourcecodeor accessto the internalsof the commercialORACLE database
managementsystemrunningon eachclusternode.Figure3 shows thedecompositionandthethreelayersconsidered

functions
user

system 
abstractions

OS OS OSOS

PC PC PC PC

OS

PC

Middleware 

Distributed System

Application
TPC-D

Figure 3. Middleware layer functionalities for distrib uted computing, i.e. task parallelism, distrib uted task execution,

automated data distrib ution.

for our system:theapplicationexecutingtheSQL query, theconventionalDBMS layerrunningon eachnodeandthe
distributionsystemthatpartsanddistributesthework amongmultipleclusternodes.
Mostplatformsfor distributedcomputing(hardwareandoperatingsystem)arealreadywell instrumentedwith detailed
performancemonitoring facilities like high precisiontimers,performancecountersor systemcall tracing facilities
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inside the operatingsystem,but thoseare running at eachnodeof the distributedsystemseparately. So for most
systemstheinformationfor performanceengineeringis alreadythere,but currentlyit cannotbeusedat theapplication
level dueto a middlewareenvironment.It is thefunctionalityof theinvertedmiddlewareframework to makethisdata
availablefor performancestudiesandperformanceoptimization.

3.2 The Structur eof Inverted Middlewar eFramework

Thesoftwaresystemof aninvertedmiddlewareframework isstructuredinto threedifferentlayersaswell: anapplication-
specificlayer, a distribution-specificlayeranda system-specificlayer. Figure4 shows thethreelayersandhow they
relateto theothercomponentsof thedistributedsystem.

Application

Distributed System

Application-Specific Layer 

Distribution-Specific Layer

System-Specific Layer

MWMW
-1

Figure 4. Structure of inver ted mid dleware frame work in the distrib uted envir onment.

Thesystem-specificlayer of invertedmiddlewareframework monitorsandcollectssystem-specificperformancedata.
System-specificperformancedataincludesinformationon resourceusageandbottlenecksgatheredover the lifespan
of theapplication-run.In our currentprototype,we monitor thefollowing resources:thelocal CPUsusage,thelocal
disksusageandthelocalnetwork usageassampledon eachplatformnode.
The distribution-specificlayer gathersthe performancerelateddatafrom several nodesandpatchesit into a single
coherentview of thewholesystemto behandedoverto theapplication-specificlayer. Invertedmiddlewareframework
inherits the master-slave settingfrom its middlewarelayer counterpart.The informationgatheredby the masteris
alreadyproperlyfilteredby theslavesandreadyfor processingat theapplication-specificlayer.
Theapplication-specificlayerusestheglobalperformancedataof theentiresystemfor application-leveloptimizations
andperformancepredictions.Thetop-mostlayerusesa performancemodelof theapplicationitself to mapresponse
variablescollectedfrom theglobalview of thesystemontosuitablesuggestionfor performancetuning,e.g. changes
of parametersthatareperformancerelevantfactorsof thecomputation.

3.3 ProblemsAddr essedin Inverted Middlewar eFramework

Weconsideradistributedsystemrunninganapplicationcodeoveranextendedamountof time. Therefore,wehaveto
copewith a largeamountof performancerelatedinformation,which we call responsevariableaccordingto [10]. An
exhaustive representationof all relevantperformancedatais ratherexpensive, in particularif the distributedsystem
hasa largenumberof nodesto bemonitored.A hugeamountof informationwould have to beexchangedwithin the
invertedmiddlewarelayersleadingto ahighoverhead.Theamountof systeminformationmustbefiltered. Insteadof
recordingevery eventpossible,someparametersmustbecapturedby sampling.If samplesarenot takenfrequently
enough,it is impossibleto make an accuratestatementaboutthe system,but if they are taken too frequently, the
systemis perturbedby floodsof monitoringtraffic. Thegranularity of samplesmustbeatrade-off betweenaccuracy
of the systemview andthe cost for the systemmonitoring. Compressioninto a representationof minimal sizeand
appropriategranularityis necessary. In our experiments,wereferto a local sampleeveryonesecond.
Theperformancedata(responsevariables)wecollectfrom thenodescomprises:

� thenumberof instructions(i.e. userinstructionsICuser
�
j � andsysteminstructionsICsys

�
j � ) on thecoordinator

andnodesCPUs. j rangesfrom 1 to ns � 1 wherens is thefactorexpressingthenumberof nodes.

� thenumberof sequentialdisk accesses(seq
�
j � ) andnonsequentialdisk accesses(no seq

�
j � ) to thedisk of the

coordinatorandeachnode( j rangesfrom 1 to ns � 1).

� the averagestrideavg stride
�
j � for the disk accessin eachnodeandthe coordinator. By averagestride,we

relateto theaveragemovementof thediskheadbetweentwo randomaccessesto adisk. In theLINUX operating
system,sequentialdiskaccessesshow upasreadswith astrideof two blocks(blk) while nonsequentialaccesses
show up aslargerstrides.
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� the amountof traffic transferredover the network interconnect:(i.e. Fast Ethernet,Gigabit Ethernet). We
distinguishbetweenthe amountof bytesreceived(sizerec

�
j � ) by eachnodeandthe coordinatoron network

device,andtheamountof bytessent(sizetrans
�
j � ) from eachnodeaswell asfrom thecoordinatoronnetwork

device. Again, j rangesfrom 1 to ns � 1.

This informationis sampledasa changingrateover thetime of anexecution.
One importantpoint in the designanddevelopmentof invertedmiddlewareframework is how deeplythe system-
specificlayer shouldbe integratedwith theoperatingsystem.Our bestsolutionis to implementthe system-specific
layerof invertedmiddlewareoutsidethekernelasadaemon.Thisrendersmonitoringslightly slowerandlessaccurate
thanin akernelimplementation,but remainsmucheasierto maintainwith new versionof theOSkernel(whichhappen
ratherfrequently).Theprototypeis basedon LINUX /proc file mechanismto write performancedata.However, the
informationavailablein the /proc file aresignificantlyextended.The invertedmiddlewareframework usesthehard-
wareperformancecountersof thePentiumprocessorthataremadeaccessiblethrougha library wehave implemented
ourselves.All informationfor performanceanalysisis gatheredateverynodeof ourdistributedsystemin parallel.Our
invertedmiddlewareframework is responsiblefor puttingtogethertheinformationin a globalview. Themonitorsin
thenodessendtheperformanceinformationimmediatelyto themonitoringmaster. Thenetwork overheadfor these
frequentdatatransmissionsis kept low usingtheUDP/IPprotocols,which areknown to work quitewell in clusters
of PCswherelinks areshort,full crossbarswitchesarecommonandtransmissionerrorsareinfrequent.Many pro-
grammersarestill building distributedmonitoringtools with TCP/IPinvolving retransmissionandflow control. We
learnedthatfor thebestsamplingaccuracy andfor theleastsystemdisturbanceit is betterto useUDP/IPanddealwith
thelossof information.Suchlossof messagescanbetreatedlike samplingerrors.Moreover, theuseof theUDP/IP
protocoloptimally fits our specificnotion of time within the distributedsystem. Communicatingmonitoringdata
throughTCP/IPwould resultin unwantedsynchronizationthroughacknowledgemessages,which addsperturbation
to ourapplications.
Maintaininga consistentnotion of time in a distributedsystemis an importantaspectof our invertedmiddleware
framework. The monitoringmasterhasto be able to patchtogetherthe performancedataof the several nodesin
a consistentmannerwith a global wall clock time scale. To addressthis issue,a consistent,singlenotion of time
amongtheseveralnodesof thedistributedsystemhasto bemaintained.To overcomethisproblem,theframework has
to introducesomemechanismsof synchronizationduring the performancesamplingwithout introducingadditional
monitoringintrusions.To copewith theproblemof maintainingaglobalnotionof timeandat thesametimereducing
monitoringintrusions,we proposea notionof time basedon accuratebuilt-in cycle counters.We avoid unnecessary
synchronizationsthrougha highly precisesynchronizationat thestartof themonitoringsessionand,astheexecution
progresses,relaxingto a loosesynchronization[7] in which themonitoringtool synchronizessamplingby looking at
thehighly accuratecycle countersin theCPUs.Thebuilt-in cycle countersmechanismactsasvirtual barriers. The
cyclecountershave to bedeliveredastimestampsin theperformancepacketscontainingthesampleinformationsent
to themonitoringmaster.

3.4 PerformanceModel

Theapplication-specificlayerof invertedmiddlewareframework includesaperformancemodelof theapplicationthat
can translatethe elementaryresponsevariablesinto high level answersto performancequestionsandperformance
predictionsthataresuitablefor optimizingtheusercontrolledfactorsof anapplication.
Our currentmodelis a simplesetof formulaswhich allow theestimationof resourceusagein caseof a transparent
middlewarecharacterizedby efficient resourceallocationandcontrol.
Table 1 shows the set of equationsmaking up the analyticalmodel usedfor the estimatesof total executiontime
basedondataaboutthedetailedresourceusage.Themodelaggregateslow level responsevariablesasaneffectof the
factorschosenin Section2.4. Sincewe aredealingwith resourceconstraints,theentiretabletalksaboutmaxvalues
of thetime componentsgivenby theseveralnodesandthecoordinator. Note that thetime componentof CPUusage
is directly relatedto the amountof instructionson thenodes,the time for thedisksusageis the sumof the time for
sequentialandnonsequentialaccessesto thediskswhile thecommunicationtimedependson thecommunicationrate
andsizebothgatheredthroughtheinvertedmiddlewareframework in themaster-slavesetting.

3.5 PerformanceOptimization on the Application Layer

ORACLE providesmany meansto estimateandmeasurethe costsfor executingSQL operations.For instance,a
numberof internalsystemperformancetablesrecordhow many resourceshavebeenconsumedby thecurrentsession,
e.g.thenumberof diskaccesses,CPUconsumption,or thenumberof requestedlocks.Ourmonitoringtool completes
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Table 1. Set of equations making up the analytical model used for the estimates of total execution time based on data

about the detailed resour ce usage

this informationwith aggregatedperformancemeasuresof the nodesin the cluster(seeTable1). In contrastto the
performancetablesin ORACLE, we not only know who consumedhow many resourcesduring the executionof a
query, but alsowhenandwheretheseresourceconsumptionsoccurred.An interestingquestionat this point is: how
canweexploit this knowledgein orderto optimizetheapplication.
Accordingto Figure4, theapplication-specificlayerof theinvertedmiddlewareshouldsuggestoptimizationsor pro-
vide feedbackfor the applicationbasedon the performancedatagatheredby the distribution-specificlayer andthe
system-specificlayer. In the optimal case,the invertedmiddlewarewould be ableto tunethe applicationautomati-
cally suchthat changesof hardwareor querycharacteristicswould immediatelyleadto a better(hopefullyoptimal)
configurationof theapplication.However, having adatabaseasthemiddleware,automatictuningof theapplicationis
notentirelyfeasibledueto thecomplexity of theSQL interface.CommoditydatabaseslikeORACLE canonly adjust
somespecificperformancesettings:e.g.ORACLE usesa cost-basedqueryplanerto find anoptimalexecutionstrat-
egy takingstatisticalinformationaboutthedatadistribution andperformancecharacteristicsof theoperatingsystem
into account.However, importantaspectslike physicaldesign(what indexes,how muchnormalization,how much
replication,how to clustertables)or partitioningof dataarefarbeyondof whatcommoditydatabasesystemsareable
to optimize.Therefore,we assumethattheapplication-specificlayerfurther incorporatessomehumanexpertswhich
areableto tunetheapplicationbasedon thefootprintsgeneratedby themonitoringtool.
Example: The query executionplan describesthe algorithm that the databaseusesin order to evaluatethe given
SQL query. In mostcases,onecouldapplya numberof differentplansto a singlequery. Choosingtheoptimalone,
however, is not aneasytask. Giventheperformancedataof the lower levelsof the invertedmiddlewareframework,
anexpertcould identify bottlenecksin resourceallocationandcould relatethemto the operationsperformedby the
databaseaccordingto the executionplan. In order to remove thesebottlenecks,the expert could suggestto create
additionalindexesor to partitiondatain adifferentway (amongotherpossibilities).In Section4, wegiveanexample
for sucha scenariowith thetwo partitioningschemesintroducedin Section2.
c

4 PerformanceIssuesStudied using the Inverted Middlewar eFramework

In this chapter, we will look at threeimportantperformanceissuesincluding the workload characterizationof the
TPC-Dqueries,theirscalabilityandthedependency on thenetwork interconnectin aclusterof commodityPCs.With
a rigorousperformanceanalysisbasedon theuseof the invertedmiddlewareframework, we canpresentsomesolid
explanationsandremediesfor theissuesandproblemsfound.

4.1 Workload Characterization of Parallel TPC-D

TheTPC-Dbenchmarkuses17 differentqueriesthat fall into a few differentcategories.As databasespecialists,we
would typically classifytheminto categoriesbasedon thenumberandtheextendof join operationsrequiredto work
throughtherelationtablesaffectedby eachquery. Our currentapproachasclustersystemarchitectsandperformance
evaluationspecialistsis quitedifferent;weproposeanalternativeclassificationof thequeriesbasedonthemostcritical
machineresourcesusedduringtheir execution.
Theseveralmachineresourcesin our distributedsystem(local or remote)differ a lot in speedandavailability. In our
performancemodelthat is partof the invertedmiddlewareframework, we identify threedifferentmachineresources
thatcanbeacritical limit to fasterexecutionof aquery:theCPUusage,thediskusageandthenetwork usagefor inter-
nodecommunicationin thecaseof parallelprocessing.We considerCPU,disk andnetwork usagesbecauseof their
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direct significanceto thedatabaseapplications.Moreover, we adda fourth category for querieswhoseperformance
cannotbemodeledaccuratelybasedonresourceusagebecauserevealinganobviousinefficiency in oneof theDBMS
layers.Thisapproachandtherelatedsetof resourcesis certainlynot limited to databaseapplications.Wesuccessfully
usea similarmethodfor theanalysisandmodelingof parallelscientificcodes[15].
A typical exampleof a querylimited by CPU usageis query1, a typical exampleof a querylimited by disk usage
is query4. Query3 exhibits an interestingdependency on thecommunicationsubsystemwhenexecutedon multiple
nodesandis thereforea goodexamplefor a querylimited by network usage.Finally, query8 shows thelimitation of
our performanceevaluationtechniquessinceits resourceusageappearsto betotally inconclusive. Unlike in all other
caseswheretheprocessedoutputof ourmonitoringtoolsandour analyticmodelexplain theexecutiontimewithin an
averageerrorof lessthan10%,1, in thiscasemostof theexecutiontime remainswithoutdirectallocationto machine
resourcesin thesystem.
Figure5.a(left) breaksdown theusagetime allocatedto thespecificmachineresourcesby the invertedmiddleware
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Figure 5. Components of the time allocated to the resour ce usage (i.e. CPU, disk and netw ork usage) for quer y 1 (a)

and related percenta ge of the components (b) with diff erent CPU cloc k rates and number of nodes.

framework for query1 with two differentgenerationsof PC clustersthat differ in the CPU clock rates. The time
componentsarefour: CPU usage,sequentialaccessandnonsequentialaccessto thedisk subsystemandinter-node
communication.Figure5.b (right) shows thepercentageof thesecomponents.The invertedmiddlewareframework
shows that theCPUusageaccountsfor 80%to 60%of theexecutiontime,dependingon theclock ratesof theCPUs
used.Thecomponentof theexecutiontime attributedto CPUusagediminishesby a factorof 2.5 whenwe upgrade
theCPUsfrom 400MHzto 1 GHzproving thatquery1 is fully CPUlimited. Lookingat thescalabilitywith agrowing
numberof nodes,we statethat thefractionsof executiontimesstaythesameandthat thelimiting factorremainsthe
CPUevenfor largerclusters.Thepreciseextentof scalabilitywill bediscussedin thenext subsection.
Figure6.a(left) breaksdown theusagetime allocatedto thespecificmachineresourcesby the invertedmiddleware
framework for query4 with two differentdisk typesusedin thenodesof ourclusters.Again,Figure6.b(right) shows
thepercentageof thesecomponents.Thedataprovidedby theinvertedmiddlewareframework indicatesthatthedisk
usageaccountsfor morethan90%of theexecutiontime in bothcasesof disk subsystems.The invertedmiddleware
framework is furthercapableto distinguishsequentialfrom nonsequential(random)readdisk accesses.As expected
for OLAP workload, the emphasisis on sequentialreadaccesswith a ratio of 90%/10%for the slower disks and
85%/15%for the fasterdisks. Going to fasterdisksdoessignificantlydecreasetheexecutiontime ascanbeseenin
Figure5.a.Thefractionof executiontimeallocatedto diskoperationsby theinvertedmiddlewareframeworkdecreases
with fasterdisksasexpected.As for scalabilitywith 1, 3 or 6 nodes,thefractionsof CPU-,disk- andnetwork usage
staythesamefor all distributedconfigurations.
Weidentifiedquery3 asarepresentativeof anetwork limited query. Figure7.a(left) showstheusagetimeallocatedto
thespecificmachineresourcesby theinvertedmiddlewareframework for query3 (i.e. CPU,disk andnetwork usage)
with two differentnetwork interconnectscommonlyfoundin clustersof PCs(i.e. FastEthernetandGigabitEthernet).

1Wedid calibratetheanalyticalmodelwith numerousmeasurementsandwedohavethedatato show its accuracy, but wehadto omit thefigures
dueto spaceconstraints.
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As expected,thereis no inter-nodecommunicationin the uniprocessorcase(1 processor)and the communication
becomesonly visibleaswedistributetheworkloadto multiplenodes(3 and6 nodes)in thePCcluster. Thedistribution
of theresourceswithout thenetwork is about30%CPUand70%disk andstaysthatway for largerclusterspointing
at almostlinear scalability for the CPU anddisk componentsandat the goodexplanationof the non scalabilityby
thecommunicationwork. Surprisingly, thereis no improvementwith theadditionof GigabitEthernetthatis 10 times
fasterthanFastEthernet.Thescalabilityandtheimpactof thenetwork will bediscussedbelow - for now wejuststate
theevidencethatquery3 is a network limited queryin parallelOLAP on clustersof PCs.

Weclassifythequerieswhosetotalusagetimeallocatedto thespecificmachineresourcesby theinvertedmiddleware
framework for is muchshorterthan the total run-time(lessthan15% in average)asDBMS inefficient or DBMS-
dependent.The invertedmiddlewareframework reportsthat for suchqueries,noneof the monitoredresourcesare
intensively used.The lack of a critical machineresourceindicatesan internalproblemin theDBMS andthesystem
seemsto be capableto executesucha query much faster. Certainly, theremight be an additionalnon-monitored
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resourceor a combinationof resourcesthatcouldbe thebottleneck,but we did not find any andit remainsunlikely
that the entireset of monitoring tools of a modernoperatingsystemwould not recordany indication. In parallel
scientificcodes,we foundsuchbehaviorsdueto loadimbalanceanddueto ill fatedsynchronizationalgorithms[15].
Query8 is characterizedby suchabehavior. Figure8.a(left), indicatesthetimeallocatedto theresourceusageby the
invertedmiddlewareframework with thenonallocatedtimefor thisquery. Wecanseethatthephenomenonis present
to thesameextent in thecentralizedcase(1 processor)aswell asin theparallelcases(3 or 6 nodes).Thetime spent
basedon theprofiledworkloadof theCPU,disksandnetwork coverslessthan20%for thequeryrunningon a single
nodeandincreasesonly slightly to over the25%for six nodesasindicatedin Figure8.b(right figurefirst threebars).
A furtherbreakdown of thetimeexplainedby theinvertedmiddlewareframework in query8 is abit inconclusive. The
partof query8 we canexplain seemsto bedisk limited with a largeemphasisof randomdisk accesses.It alsoseems
thatthesequentialaccessesandtheCPUusagedoesscalewith a largernumberof nodeswhile thenonsequentialdisk
accessesdo not scale(right figurelast threebars).Sucha situationindicatesa high potentialof optimizationthrough
tuningparametersof theapplicationcodeor theDBMS. In fact,we have accessto a few intrinsic parametersof the
systemthataffect theperformance.TheupperDBMS layerthatdoesthedistribution of therelationtablesof TPC-D
acceptshintsabouta moreor lessaggressive strategy for partitioningvs. replicationof therelationtablesin TPC-D.
We thereforeusedour framework to investigatetheresponseto suchparametervariation.
Theinvertedmiddlewareframework with thecollectedperformancemonitoringinformationcombinedwith ananalyt-
ical modelof resourceusagepermitsto characterizetheworkloadof TPC-DOLAP applicationmorecloselythrough
a classificationof thequeriesaccordingto their individual resourceusage.With our framework, we canclassifythe
queriesasCPUlimited, disk limited, communicationlimited or inefficientdueto DBMS limitations.

4.2 Scalability of Parallel TPC-D in a Cluster of PCs

Figure5.aandFigure5.bshow thatCPUusageis themostimportantcomponentin theprocessingof query1 andthat
thiscomponentscalesalmostperfectlywith agrowing numberof nodesinvolvedin aparallelprocessingof thisquery.
Thesecondmostimportantresourcelimitation is disk usage.Sincewe usea shared-nothingarchitectureto distribute
theworkload,thenumberof disksincreaseswith thenumberof nodesinvolved.Theinter-nodecommunicationstays
negligible in this querysincevery small amountof datais transferred.Figure6.aandFigure6.b confirm a similar
picturefor query4. Processingthis queryresultsin heavy on disk usage.Again this is invariantto changesin the
numberof nodesbecausethetotaldiskperformancescaleswith anincreasingnumberof nodes.Thesecondmostused
resourceis CPUusagewhichscalesperfectlyto largersystems.
For query3, thenetwork usagedoesno longerscalenicely with theincreaseof thenumberof slaves,while theother
resources(i.e. CPU usageandsequentialaccessto disk) have goodscalability(seeFigure7.aandFigure7.b). The
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reasonfor the limited scalabilityis a growing percentageof executiontime dueto inter-nodecommunicationwith 3
and6 nodesinvolved.Furthermore,thetimecomponentsscaleexactlyin thesamewayfor 1000BaseTand100BaseT,
andtherefore,thelossof scalabilityseemsto beindependentof thestrengthof theinterconnectionnetwork.
The amountof communicationrequiredto processa parallelqueryis not necessarya reasonfor badscalability. In
our clustersof PCs,the nodesare interconnectedwith a full crossbarswitch and therefore,the network resources
availableto the parallelprocessingof OLAP workloadcould actuallygrow linearly with the numberof processing
nodesinvolved. Furthermore,thetotal amountof communicationdatareportedby themonitorsandcollectedby the
invertedmiddlewareframework is fairly smallanddoesnotpointdirectlyatabottleneck.Evenaslow, sharedmedium
FastEthernet(hub) would be able to provide the necessaryraw bandwidthto move the data. Therefore,a proper
communicationperformancestudyrequiresmorethanthetotal amountof datatransfered.
Theglobal samplingof the communicationdataby meansof the invertedmiddlewareframework is accuratelysyn-
chronizedby a virtual wall clock time andpermitsto identify bursty andunbalancednetwork traffic in the parallel
application.
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Figure 9. Comm unication activity during the the processing of quer y 3 for three/six nodes on the coor dinator node

(left) and on each of the three/six processor nodes (right).

Figure9 on the left shows the communicationactivity on the coordinatornodefor query3 while coordinatingthe
processingof thequerywith three/sixnodes(coordinator/3andcoordinator/6).At thesametime thefiguredisplays
on the right the communicationactivity for the samequeryon the three/sixindividual processingnodes(noden/3
andnoden/6). The datain the picturesare gatheredat the distribution-specificlayer by the invertedmiddleware
framework.
In the top-right chartswe considerthe communicationon eachof the threenodesfor the processingof the query
with threenodes,while in the bottom-rightchartswe look at the communicationon the first andlast nodesfor the
processingof thequerywith six nodes.Thechartsrelatedto theprocessingon threenodes(top)depictthetransferred
numberof bytespersecondasa functionof time where0sdenotesthe startof queryexecutionand280stheendof
queryexecutionfor threenodes.Thesamequeryfinishesearlieri.e. roughlyat time170swhenthework is distributed
amongsix nodes(seechartson thebottom).In theleft chartswe look at thecommunicationwork on thecoordinator
anddistinguishbetween“sendsto thenodes”and“receivesfrom thenodes”.In theright chartswedistinguishbetween
“sendsto thecoordinator”and“receivesfrom thecoordinator”.Thegraphsshow a network traffic thatis quitebursty
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andimbalance,mostof thetraffic is concentratedon thecoordinator, while theprocessingnodesclearlycommunicate
at roughlyonethird or onesixthof thespeedof thecoordinator.
The graphs� refutedour initial assumptionthat communicationis highly asymmetricaldue to the algorithm in TP-
Lite that processespartial querieson eachnodeand finally gathersthe resultsin the coordinator. In reality, the
communicationtraffic is quitesymmetricalandduringthedatatransferthecoordinatorsendsalmostasmany bytesof
requestasthenodessendsfor its answers.Furthermore,thepeakcommunicationratesin thecoordinatoris determined
to bejust 6.4MBit/s in a network thatcansustainoneGigabit/s(i.e. 160timesmore)undergoodconditions.
The invertedmiddlewareframework providespreciseallocationof total executiontime to eachresourceusageand
offers the possibility to recordresourceusagefor arbitrarysamplingintervals. This helpsto find andto isolatethe
causefor thelossof scalabilityin theprocessingof nonscalablequeries.An accuratesamplingof all communication
activity over theentireexecutiontime is requiredto discover anddealwith performancelimitation dueto burstsand
hotspotsin thecommunicationpatterns.

4.3 PerformanceImpacts of the Network Inter connectSpeed

During theevaluation,procurementandinstallationof a largeclusterfor databaseresearch,we studiedthequestion
of the least interconnecttechnologythat is sufficient for the plannedwork on parallel databases.For a Beowulf
typecluster, a commodityFastEthernetswitchwould be sufficient. For enhancedclusters,we would opt for a Fast
Ethernetswitch that providesfull bisectionbandwidth(or non blocking ports in networking terminology). For an
advancedcluster, we considerhigh performanceinterconnectslike Gigabit Ethernetor Myrinet. Dependingon the
performancenetworking,a clusternodecancostbetween100and1000pernodeinstalled.Our studyshouldanswer
thequestionof whetherclusterswith higherinterconnectspeedsareworthwhilefor parallelOLAP processingor not.
For ourmeasurements,weequippedourclusterof PCswith GigabitEthernetanda fully non-blocking16 port switch
in additionto non-blockingFastEthernet.
Thestudyof thebenefitof ahigherspeedinterconnectis limited to query3, anexamplequerythatobviouslybecomes
communicationboundin the parallel configurationsof 3 or 6 nodes. As seenin the Figure9, the communication
activity is burstyandtakesplacetowardstheendof thequery. Furthermore,thecommunicationtakesplacebetween
thecoordinatorandall thenodesatthesametime(two peaks,onefor the3 nodeexperimentandanotherfor the6 node
experiment),but mostimportantlythe speedof communicationis just 6-7 MBit/s which is two orderof magnitudes
below the100MBit/s thatis possiblewith FastEthernetandthreeorderof magnitudesslower thanGigabitEthernet.
It is not visible from thechartif the inefficiency is dueto furtherburstynessor packet collisionswithin thesampling
interval or if thereis softwarereasonfor this badperformanceanda separateexperimentmustbe usedto verify if
thereis any benefitatall of usinga fasternetworking technology(which wouldalsohandleburstytraffic faster).
Figure10.aandFigure10.bdepictthetraceof communicationactivity onanode(transfersfrom andto acoordinator)
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Figure 10. Slave comm unication rates of quer y 3 for Gigabit Ethernet (a) and for Fast Ethernet (b) on a cluster with

three slaves and CPUs with 1 GHz cloc k rate .

for query3 in a systemof threenodesof clusterconnectedby FastEthernetandGigabitEthernetrespectively. The
two similar traceswith completelyequalpeakandaverageperformanceprovethatcommunicationbehavior is exactly
thesamefor a 100MBit anda1 GBit network andthatthereis no benefitatall of purchasinganetwork with ahigher
throughput.AlthoughFastEthernetandGigabitEthernetdiffer significantlyin the throughputavailable,the latency
andoverheadfor smallpacketsarenot thatdifferent.
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In our first approachfor a parallel processingof OLAP databaseworkloads,we usedORACLE databaselinks to
ship datafrom the nodesto the coordinatorin the cluster. Thesedatabaselinks arebasedon the ORACLE NET8
transport� protocolanduse2PC(two phasecommit)to ensuretransactionalguarantees.Our experimentsclearlyshow
thatORACLE databaselinks arenotefficientenoughto work on largecommunicationloadssincethey requirea lot of
slow synchronization.Sofinally, the latency of thenetwork or theprocessingoverheadin theDBMS might become
thecauseof theslow-down of thecommunicationwhile thebandwidthandthethroughputhasno longerany influence
on the performance.Moving the applicationon low latency networks (like Myrinet) could still miss to solve the
communicationproblemsbecauseof thehigh overheadsin theDBMS. Evenif it helpsa bit, it is not expectedto be
costeffectivesincethebandwidthof Myrinet yet remainsunusedmostof thetime.
Again, theinvertedmiddlewareframework with its accuratesamplingandits globalrepresentationof resourceusage
in thedistributedsystempermitsanin-depthanalysisof communicationproblemsandproperlyexplainstheinefficient
useof thenetwork while processingquerieslike query3 in TPC-D.With theinvertedmiddlewareframework, we are
finally ableto explainwhy theTP-Liteapproachbehavedsomuchworsethantheotherapproachesin [1].

5 Ar chitectural Implications of the ResourceUsageObserved

Following the classificationof the queriesreportedin the previoussection,we cancalculatethe CPI valuefrom the
measuredperformancedatafor the differentclassesof TPC-D queriesandfind numbersthat arequite interesting.
CPU limited queriesare indicative for the basicCPI valueof OLAP workloads,but sincewe areon a paralleland
distributedsystemwe areexperiencingseveral modificationsto thosebasicvalues. If the nodesprocessinga query
spenda lot of timewaiting for “peripherals”suchasdisks(SCSIcards)or thenetwork (Ethernetcards),thecyclesare
notattributedto processinginstructionsbut to idle loopsin theoperatingsystemkernel.Therefore,theCPI is inflated
assoonasdiskor network do mostof thework andarefrequentlywaitedfor.
For strictly CPU limited queries(e.g. query1), we measurea CPI of about1.5 on the olderandthe newer typesof
nodes,regardlessof clock rateof either400MHzor 1GHz. Researchersof UCB andUIUC lookedat CPI figuresfor
TPC-CandTPC-Donlargesymmetricshared-memorymultiprocessors(SMPs).Wearenotawareof any studiesthat
dealwith massively parallelsupercomputernodesor entireclustersof PCsup to thisdate.
Keetonet al. [11] look at the CPU usageof the TPC-C Benchmarkusing Informix DBMS running on an Quad
PentiumPro, shared-memory, shared-diskconfiguration. The basicCPI including memoryusageis 2 � 90, which is
muchhigherthantheCPI valuesfound in computationalbenchmarkslike SPEC95.Thosevaluesarefor OLTP and
sothedifferenceto ourvaluesof 1.4to 1.5for OLAP is notsurprising.Caoetal. [3, 2] look at thecharacterizationof
theTPC-Dbenchmarkwith Microsoft’sSQL ServerandWindowsNT on top of SMPserverwith QuadPentiumPro,
shared-memory, shared-diskconfiguration.They reporta basicCPI of 1.27. This slightly lower figure is for a high
endSMPwith moderateparallelism,while ourwork dealswith clusternodesin a massively parallelsetting.
We carefullystudythedependency theCPI on thedifferentqueries,i.e. theworkload. For disk limited queries(e.g.
query4), the CPU that is frequentlywaiting for the disk accessesinflatesthe overall CPI considerably. The CPI
measuredon clusterswith the fasterdisks is about10 while the CPI for slower disks is about15. Communication
limited queriesareuniquefor parallelanddistributedcomputingplatformsthat rely on networking technologyfor
inter-nodecommunication. The resultingCPI valuesof 3 to 4 reflect the idle loops encounteredfor waiting for
datafrom the network. Finally, the DBMS softwarelimited queriesshow extremelyhigh CPI valuesthat canonly
be interpretedby a failure of the monitoring environmentto track down the resourceusageproperly. Query 8 is
characterizedby aCPI of about90.
The goodvaluesof the CPI for CPU anddisk limited queriesindicatesthata clusterarchitectshouldfocuson pur-
chasingfastdisksandpurchasingfastCPU.This is consistentwith thebelieve of many processorarchitectsthatsee
a major driver for ever betterhigherMIPS ratingsin microprocessorwith higherclock ratesandmoreILP in those
databaseworkloads.
The performancepictureof our studyturnedout to be devastatingto high speedcommunicationin clustersof PCs,
whichwasa primarytargetof theclustersbuilt in ourCoPs(Clustersof PCs)project.
Distributing OLAP queriesto a large numberof nodeswith partitioneddatacan result in large amountsof inter-
nodecommunicationfor certainqueries. Unfortunately, the communicationis completelydominatedby software
overheadswithin the DBMS andaddinga fasternetwork doesnot help. More preciselyneitherbetterlatenciesnor
betterbandwidthresultsin muchimprovement. The preciseanalysisof the network usageover time indicatesthat
thereis a bottleneckduecommunication,which takesplacebetweenthe coordinatorandall the nodesat the same
time. Thebottleneckcanberemovedby improving theschedulingof thepartialqueriesandby balancingof theload
communicationmorecarefully. As expectedfor a databaseapplication,theperformanceof thedisksis highly critical
to overall performance.Using a distributedfile-systemwith RAID capabilitybasedon remotedisk accessesmay
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improvetheOLAP performancebeyondthelimitationsof simpleparallelization.

6 Conclusion�
Performanceanalysisin parallel databasesrunning on clustersof commodityPCsremainsa highly difficult task,
sincewe arestill lacking many of the toolsandinstrumentationthat couldgive us theperformancedatawe needto
understandparallel-anddistributedsystemsexecutingOLAP workloadsin standardDBMSs.
As a contribution to addressthis importantproblem,we presenta framework, the invertedmiddlewareframework,
for collectingandfiltering theraw performancedatagivenby theoperatingsystemin a distributedhigh performance
databasesystembuilt from commoncommodityPCsandcommercialDBMSs. Our framework combinesthe usual
monitoringinstrumentsat theoperatingsystemlevel with aneffectivestrategy for collectionandinterpretationof this
monitoringinformationat theoverall systemslevel. Togetherwith somesimpleanalyticalmodelof overall resource
usage,wecanassessthehighlevel performanceindicatorsatalevelof abstractionthatis appropriatefor anapplication
writer. In particular, our systemis ableto give somenew insightsabouttheuseof specificmachineresourcesin the
system.In theexistingmonitoringsystem,wecaptureCPUusage(CPI), two kindsof diskusage(sequentialandnon-
sequential),communicationsystemusageandthe work for memorysystemusageis currentlyprogress.Unlike the
built-in performancemonitorsof mostdatabasemanagementsystemsouroperatingsystembasedmonitoringsolution
is fully operationalin aclustersettingwith distributedprocessingandaccountsfor accumulatedresourceusageaswell
asfor a time-variantresourceusageby samplingandcollectingperformancedataat arbitraryintervals. Information
aboutpeakresourceusageandtemporarybottleneckscanbederivedfrom thetime-variantresourceusagetraces.
To demonstratethe viability of our approachandto draw properarchitecturalconclusionaboutthe constructionof
future PC clustersfor high performancedatabasesystems,we useour framework to investigateparallel high per-
formancedatabasesexecutingOLAP workloadson clustersof commodityPCs. We successfullyanalyzea highly
complex hardware-softwaresystemthat reliesprimarily on standardhardwareandcommercialsoftwarecomponents
thatwereprovidedto usby a databaseresearchgroup.TheconfigurationevaluatedincludesanORACLE DBMS for
SQL processingat eachnode,LINUX operatingsystemto managethe node’s resourcesaswell asdifferentEther-
net switchesto take careof inter-nodecommunication.The experimentalsoftwareshell to distribute the queriesto
differentnodes(TP-Lite) is takenfrom a databaseresearchproject.
In ourmeasurementeffort, weexecutea10GBTPC-Dbenchmarkandto characterizetheworkloadpreciselyaccording
to the resourceusageencounteredin the cluster. We gain significantinsight into the questionof the impactof high
performancenetworking to this sortof application.As a mostinterestingresult,wecanclassifythequeriesof TPC-D
into CPUlimited, disk limited or communicationlimited queriesincludinga fourth classthatremainsinefficient due
to DBMS softwarelimitations. Knowing thecritical resourcefor eachquery, we canproperlyexplain scalability(or
lack thereof)for eachqueryon clusterwith threeandsix nodes.Basedon a simpleanalyticmodelthat factorsthe
total executiontime into partsattributedto eachresource,we canestimatethescalabilityfor largenumberof nodes.
To our biggestsurprise,the inter-nodecommunicationis not the key to betterscalabilityunlessthe communication
facilities of standardDBMS softwarearedrasticallyimproved. In particular, we have shown that the Gigabit high
speednetwork in our high endclusterof PCsdoesnot improve scalabilityof theapplicationdueto inefficienciesin
thecommercialDBMS softwarethatis usedin conjunctionwith TP-Lite.
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