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Abstract

Clustes of commodityPCsare an attractiveplatformfor parallel databasesunninglarge OLAP (On Line Analytical
Processing)workloads. Using a high numberof clusternodescouldresultin a significantspeed-ugdor processing
a very large dataset. Still engineeringsudh systemgor scalability and good performanceemainsa highly difficult
task, sincewe still are lacking a deepundeistandingof the architectural issuesof resouce usage and scalability of
OLAP applicationson costeffective clustes of PCs. A consideable amountof work mustbe investedinto better
performanceanalysistoolsthat work well with parallel- and distributed platformsandwith standad DBMSs.While
standad DBMSshelp the application writer to reduceprogrammingeffort, they often causeloss of contml over
performanceassuegesultingin suboptimalusage of madineresouces.

To addressthis problem,we presenta novel performancemonitoring framewvork called invertedmiddleware frame-
work (MW~1). Our approach emphasizethe aspectof reversemappingthe resouce abstractionsintroducedby the
middlevare layer (e.g. the DBMS)in termof resouce usage cost. Invertedmiddlevare framevork assistghe process
of performanceengineeringoy mappinglow level performancenformation,monitoredat the operating systemayer,
badk to a higherlayer (i.e. the applicationlayer) filtering from performancecountersamplesat the operating system
level and deliveringgoodoverall performancepicturesat a higherlevel of abstraction. Theframeavork is usedside
by sidewith the DBMSand delivers manyinterestinginsightsaboutthe mostcritical resoucein ead of the different
queriesand systemsonfiguation. Asrequired for a larger distributed hardware/softwae systemour framevork
comprisessomesoftwae instrumentatiorat the OSlevel, tools for gatheringall performancerelevantdataand an
analyticalmodelthat canbe usedfor performancesvaluationand performancepredictionto newer platforms.

In this report, we demonstate the viability of our approach with thein depthanalysisof TPC-D, a standad OLAP
bendmarkrunning on clustes of commodityPCs. Wth the help of data provided by our performancemonitoring
framework, we are ableto isolateandresolvea few crucial performancassuesfor OLAP workloads.As expertsfor
thearchitecture of clustes, weintentionallylimited our experimentalwork to two fixeddistribution scheme(relations
mustbedistributedto permitscalabilityto large datasets)leavingtheissuesf optimaldatadistribution and optimal
useof indicesto our databasesxperts. Asa result,we cangive a goodcharacterizationof different OLAP workloads
(i.e. the17 queriesof the TCP-D)in termsof their resouce usage, quantifytheoptimalscalabilityfor differentqueries
andinvestigateheimpactof the networkingspeedn the overall applicationperformanceWe canshowthatthedisk
performanceand CPU speedremainsthe mostcritical resouce bottlene& a majority of the queries.Querieswith a
lot of inter-nodecommunicatiorare ratherlimited by the communicatiorsoftwake inefficiencywithin the DBMSthan
by the raw networkingspeedsW\e think that our work constitutesa solid basisfor future architectural decisionsand
systenoptimizationin clustess of PCsthat are dedicatedo large parallel databasesystems.

Keywords: parallel databasesdistrib uted OLAP processinggluster architectures,cluster of PCs,performance
analysis,workload characterization



1 Intr oduction

Clustersof commodityPCshave becomea highly popularplatformfor distributedcomputingsincesimple PC work-
stationshave one of the bestprice performanceatiosin the market for computingequipment.Moving large OLAP
(On Line Analytical Processingilatabasevorkloadsto clustersof commodityPCslooks very temptingbecausef
the lower costof clustersandthe significantpotentialfor speed-up.As ary othereffort in paralleland distributed
computing,the successlependn properperformanceanalysisof the entire systemincluding hard- and software.
Engineeringsuchsystemdor scalabilityandgood performanceemainsa highly difficult task, sincewe arelacking
toolsandinstrumentatiorfor performanceanalysishatwork in distributedsystems.

1.1 The Benefitof Middlewar e Layer (MW)

The functionality and the integration of applicationprogramshave greatly increasedover the past10 years. This

increasen compleity of applicationswasenabledoy numerousmiddleware layerssolving mostdifficult low level

programmingproblemson behalf of the applicationwriter. Programmingat the lowest abstractionlevel remains
a cumbersoméask andis avoided wheneer possible. A middlevare layer (MW) is a pieceof installed software
that allows the applicationwriter to work on his problemat a higher level of abstraction. So in our approacha
middlewarelayer may be a black box layer suchasORACLE DBMS (DataBaséManagemengSystems)r an open-
sourcemiddlevarepackagesuchasMPI.

Middlewarelayerscaneffectively hidesystendependendetailsandpermitsapplicationgo beportedmoreeasilyfrom

onemachineto another Thisis particularlyimportantsincethe lifespanof a goodapplicationprogramis muchlarger
thanthelifespanof a computemlatform. In parallelanddistributedcomputing,mary middlenvarelayersaddresghe
problemof distributing largeworkloads,n particular they readily solve theproblemsof datacommunicatiorbetween
thedistributedentities,theissuesof datapartitioning,dataallocationandloadbalancing.

1.2 The Problemsof Middlewar e Layer

The fundamentalproblemwith middlewvare layersis that the applicationwriter no longer thinks at a systemlevel
suitablefor performanceletuggingbut at a level of abstractiorthatis muchhigher The middlevarelayertakescare
of mappingthe high level commandsand directivesto low level systemcalls. But whenit comesto deluggingor
performancauning, mostmiddlewarelayersarenot properlyinstrumentedindthereforedo not mapthe systemstate
or the performancendicatorsbackto the higherAPI level. This is the mostimportanthindranceto find bottlenecks
andmary applicationwriters arecompletelylost oncethey have to trackdown badperformancen the applicationor
evenfind lossesof efficiency in the middlewvarelayer codeitself.

1.3 The Conceptof Inverted Middlewar e Framework (MW —1)

In this report,we developandexplain the novel concepif invertedmiddlevare framavork (MW™1) for performance
analysisandperformanceoptimization.Invertedmiddlevareframeavork assistghe procesf performancesngineer
ing by mappingthe basic performancemonitoring information of the operatingsystembackto the higherlevel of
abstractiorfor which theapplicationcodeis written. Therelationshipbetweermiddlewarelayerandinvertedmiddle-
wareframework is very similar to the relationshipof a parallelizingcompilerfor a high level programminganguage
andthe highly advancedsourcelevel delugger We demonstratéhe viability of this approachn thefairly advanced
ervironmentof “sharednothing” distributed databasesunning OLAP (On-Line Analytic Processingyvorkloadson
clustersof commodityPCs.

1.4 A Typical Study Casewith Suboptimal Performance

In the study describedn this report,we look at the ORACLE DBMS asa middlewarelayer on top of the LINUX
operatingsystemandsupportinghedistributedTPC-Dbenchmarlkchoserasatypical exampleof OLAP applications.
The scalability of the different TPC-D querieson PC clusterspresentsa picture of unpredictableperformanceand
speed-umumberghatseemto be highly sensitve to the natureof theworkload. Figure1l shavs a typical studycase
for the TPC-Dbenchmarldistributedwith TP-Lite (asoftwaretool for distributing queriesonthreenodesof acluster
of PCs. We expecta speed-umf almostthree(shavn with the upperline in the picture)however, not all the queries
arespedup (i.e queries2, 9 and10) andsomeof them(i.e. queriess and7) do notevenendin areasonabléime due
to someinefficiengy in parallelprocessing.
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Figure 1. Scalability for the TPC-D benchmark distrib uted across three nodes of a cluster of commodity PCs with
TP-Lite

1.5 Stateof the Art for Performance Tuning on DBMSs

For studyingthe reasonof suboptimalperformancevalues,mostDBMSs incorporateelaboratenstrumentatiorfor
performancemonitoringandtuning [9, 6], but suchinstrumentatiomormally works on the basisof datacollection
within the DBMS itself andnot on the basisof mappingthe operatingsystemstateor the basicperformancemoni-
toring databackto anabstractiorlevel thatis moreappropriatdor a user In particular the performancemonitoring
instrumentationrof ORACLE only accountsfor the total count of operationsand doesneitherallow to efficiently
sampleperformancecountsat certainintervals nor allow for this informationto be collectedefficiently from alarge
numbermrocessingiodesin a cluster While someof thelogical or tableaccessountswould certainlybeinteresting,
mostperformanceanformationof the databasenanagemensystemdoesnot directly relateto the usageof physical
resourceé adistributedsystemandis thereforehardto usein aframework thataimsat predictingthe executiontime
basedn applicationandplatformparameters.

In applicationsthat usemultiple processor&nd distribute a large workload for the sale of higherexecutionspeed,
properengineeringor performanceandscalabilitybecomesa crucial concern.A preciseunderstandingf resource
utilizationis notjustrequiredfor fine tuninga runningsystembut alsofor the predictionof scalabilityor the studyof
viability of theapplicationon new, alternatve platformssuchase.g. clustersof low costcommodityPCs.

1.6 Goalsof the Performance Study in this Report

Our main contribution in this reportis to explain preciseresourcausageandthe scalabilityof the TPC-D benchmark
running on clustersof PCsby meansof our framawork, the invertedmiddlevare frameavork. We demonstratéhat
thereis indeeda systematiovay to filter the raw performancedataprovided by the operatingsystemandturn the
resultinto a moreabstracperformanceicturethatreflectsthethe resourcausageof the distributedapplicationcode.
As clusterarchitectswe canimprove the configurationof future PC clustersbasedon this dataaboutresourcausage.
Dependingon the mostperformanceritical resourceswe canimprove the cost/performanceatio by usingcheaper
or moreexpensve CPUs,disks, memorysystemgmotherboardpr interconnectbetweenthe nodes.If we canuse
cheapecomponentsvithout penaltyin performancewe canafford alargernumberon nodesin a cluster
Sinceclustercomputingis alwaysaboutthe bestuseof commoditycomponentswe look at parallel-anddistributed
systemsbuilt entirely commodity hardware and commercialsoftware components.In particular we combinethe
opensourceoperatingsystemLINUX with the proprietarysinglenodeDBMS of ORACLE anda leanexperimental
softwarelayer for the distributing processingf queries.The high performancealatabasesystemfor decisionsupport
workloadscanbe classifiedasa shared-nothin@rchitecture.Sincewe areinterestedn using clusterfor very large
datasetsexceedinghedisk capacitiesf a singlenode,our datadistribution schemeelieson partitioningratherthan
onreplication.

The restof the paperis organizedasfollows: Section2 describeur approacho distribute the OLAP workloadto
the nodesof a PC clusterbasedon the TP-Lite systemandthe basiccharacteristic§ PC-D benchmark.Section3
present®ur performancenonitoringframenork, theinvertedmiddlevare framavork (MW-1), for distributedsystems
usingraw performancelatasuppliedby theoperatingsystem.Sectiond appliesour methodologyto threeperformance



issuedn distributeddatabases/NVe usetheframawork to characterizéheworkloadof TPC-Dandclassifythedifferent
gueriesaccordingto their resourcausageo investigatethe scalability problemsof certainqueriesandto determine
the performancempactof differentinterconnecspeedgoundin modernPC clusters.Section5 concludeghe paper
with a statemenabouttheviability of ourapproacho instrumenta complex systemof standardsoftwareproperlyfor
performanceanalysisandperformanceptimization.

2 Parallel TPC-D Benchmark on a Cluster of PCs

In this Sectionswe give a brief overvien onthe TP-Lite approactandtheimplementatiorof the TPC-D[17] bench-
markaccordingto [1]. Furthermorewe discussvariouscharacteristicef the platformandthe middlewarelayerand
describehe dimensionof thefactor andthe parametespaceof the benchmarkor workloadcharacterization.

2.1 Distributing OLAP Workloads on Clusters of PCs

Our performancenalysismethodwasmotivatedstronglyby OLAP (On-Line Analytic Processingapplicationsun-
ning in parallelon a clusterof PCs.The PaverDB projectat ETH Zurich dealsmainly with OLTP (On-Line Transac-
tion Processingyvorkloads but still providedmary 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 large quantitiesof datathatcould potentiallybenefitfrom high speedntercon-
nectsin advancedPC clusters.Furthermorehigh performancevorkloadsin OLTP do requirea very large numberof
simultaneousjueriesto scale,andin generalthey do not resultin large datatransfers.Therefore large scaleOLTP
jobsaremuchharderto generatehanlarge scaleOLAP jobs,andlessinterestingfor computerarchitects.

We still usethe TPC-D[17] benchmarlasarepresentatie of OLAP applicationgor historicalreasongut couldeasily
migrateour approactio TPC-Hor TPC-Randthe qualitative aspect®f this articlewould remainthesameif thethose
morerecentbenchmarksvereused.Someof thenewerwork in the PowverDB projectalsodealswith updates.

2.2 TP-Lite Approach

In principle, a distributed implementationof a databaseon a clusterof PCsworks as follows: clients sendtheir
requestqi.e. SQL-transactionsfo a so-calledcoordinator The coordinatoranalyzesheserequestspartitionsthem
into severalindependensub-transactionsgnd routesthe sub-transactionto the nodeswithin the cluster The goal
of the partitioningandthe routingis to minimize responsdimesof queriesandto maximizethe throughputof SQL
transactionsWhile the generalpproachs rathercomplex dueto updateoperationsandconcurreng, we concentrate
hereon a query-onlyernvironmentasthis is sufficient for mostwork in OLAP. In this case we do not have to deal
with replication,concurreng, dynamicpartitioningof data,andcrashrecovery (see[13, 14, 8] for moredetails). In
our simplified approactbasecdn a shared-nothingrchitecturewe usea staticanddisjoint partitioningof the datain
thecluster Queriesaresentto all nodesandthe unionof their resulttuplesformsthe overallanswerof the query The
partitioningis suchthateachnodehasto touchaboutthe sameamountof datafor queryevaluation.

With TP-Lite,aqueryis executedn amasterslave settingusinganinstanceof ORACLE8 oneachnode,its proprietary
databasdinks, and PL/SQL [12]. The coordinatorrunsboth the masterandslavesin independentransactionand
we useORACLE pipesastheir communicatiorprimitive. An SQL-queryis executedasfollows: the mastersends
amessageo all slavesover ORACLE pipesto initiate query execution. Eachslave executeghe SQL-queryagainst
the databasef a dedicatechodein the clusterusinga databasdink. Theresulttuplesaresentbackto the masteras
messageeverasharedORACLE pipe. TP-Lite canbe seenasa poorman'simplementatiorof a paralleldatabase.
AlthoughBohmet al. [1] reportedthat TP-Lite is easily outperformedoy usinga TP-monitoror a proprietarycoor
dinationlayer, we have usedthe TP-Lite implementatiorin conjuctionwith OLAP on clustersof commodityPCsto
demonstrat¢heability of ourinvertedmiddlenvareframawnork to detectandidentify performancéottlenecksAs seen
in Section4, our methodologyis ableto documentandexplain why the TP-Lite approachs not alwaysscalingwell
whenincreasinghemachinesizeto alargeramountof clusternodes.

2.3 The TPC-D Benchmark

The TPC-D benchmarlconsistof a broadrangeof decisionsupportapplicationghatrequirecomplex, long running
gueriesagainstargedatastructures Althoughthis benchmarlcameobsoletan 1999,westill useit asarepresentatie
of OLAP applicationsfor historicalreasongiut we could easily migrateour approachto TPC-H or TPC-Randthe
gualitative aspect®f this articlewould remainthe sameif thesemorerecentbenchmarksvereused.Furthermorewe



arenot interestedn publishingnew resultsfor this benchmarkyratherour aim is to demonstratédnow our particular
performanceanalysisframenork mayhelpin detectingoottlenecksandarchitecturaproblems.

The TPC-Dbenchmarkcontainsé dimensiontables(CustomerNation, Region, Supplier Part, PartSupp)and2 fact
tables(Order, Lineltem). Out of the 17 queriesof the TPC-D benchmarkwe mainly usedquery1l, 3, 4, 8 and12 for
the experimentssincethey readlarge partsof the facttables. As mentionedabove, ourimplementatiorof a parallel
databaseisesstaticpartitioningof data. While the dimensiontablesarefully replicatedon all nodesthe dataof the
facttablesis disjointly distributedoverthenodesof thecluster Sincethe queriesunderconsideratiomun againsiarge
partsof the facttables,we achieve a speedup with the clustersimply dueto the reducedvolumeof datatouchedby
eachnode. For the experimentswe usedtwo differentpartitioningschemesThe first schemg1l — part) partitions
only the Lineltemfacttable,the secondone (2 — part) partitionsboth facttables. Further notethatour partitioning
schemeandthe selectionof the queriesguaranteghat the union of the resulttuplesgeneratedy the nodesin the
clusteris equalto theresultsetof the queryagainsthe entiredatabaseHowever, it is beyondthe scopeof this paper
to discusghisissueandrelatedonesin moredetail.

2.4 Platform Characterization

Clustersof commodityPCsarebecominganincreasinglypopulamew platformfor large processindgasks.Therefore,
we look attheexecutionof parallelqueriesontop of multipleinstance®f ORACLE runningon eachnodeof acluster
of PCsunderthe LINUX operatingsystem.We refer to the databaseoftware neededo do this taskasmiddlevare
layer. An application-rurin our experimentdepend®n severalparametersontrollingtheworkloadandtheexecution
ervironment. The parametersinderinvestigationare calledfactors. Most factorsare externalandunderthe control
of the applicationwriter. However, our approactalsodealswith intrinsic parametershataffect performancebut are
notdirectly visible to the applicationwriter suchasthe setof factorsrelatedto the characteristicef the platform (i.e.
the architectureof the PC cluster)that we definethe platform factors. Amongthemwe considerthe factorsat the
following levels:

theclockrateof the CPU (tciox _cycle) 400MHz Pentiumll or 1000MHz Pentiumlll
the averagedisk readperformancé (disk_rate) 22.0MB/s (slow disk) or 30.5MB/s (fastdisk)
theaveragedisk accesgime (trand_access 7.3ms(slow disk) or 6.8 ms (fastdisk)
the speedf the network interconnectnework_speed 100Mbit/s (FastEthernet)or
1000Mbit/s (GigabitEthernet)
the numberof slavesin the cluster(ns) 1, 3 or 6 processingiodes

Besideghefactors(parametersinderinvestigation) someparametersireheld at constantevel for this investigation.
For the sale of betterexplanation,they arewritten asvariablein the analyticalperformancemnodel of the inverted
middleware framenvork. Amongthemarethe clock cycle perinstruction(CPI = 1) linking CPU clock-frequencies
to integer performancethe size of a memoryblock (blk = 512), which is animportantconstantn the I/O buffering
systemof LINUX, the physicalcapacityof the disks (disk_size= 18 GB), the total size of the tablesin the TPC-D
databas®enchmark10GB)andthe memorysize(256MB).

The main motivation behindthe migration of OLAP databasevork to clustersof PCsis to run hugedatabasesf
terabyte-scalen PC clustersthatareequippedwith alarge numberof inexpensve disks. For fasterexperimentation
with differentclusterconfigurationswe scalethe problemsize down to 10GB andartificially limit memorysizeon
eachnodeto keepthe original balancen the storagehierarchy

3 PerformanceEvaluation in the Context of Distrib uted Systems

3.1 Inverting the Middlewar e Layer Functionality (MW ~?1)

To addresshe problemof filtering and abstractingthe raw data, we proposeto createa framework that we will
call “invertedmiddleware”. This frameawork is working in the ernvironmentof distributedcomputingandcomprises
softwareinstrumentatiorat the OS level, performancealatagatheringtools andan analyticalmodelthatis tailoredto
aparticularapplication.

1The disk characteristicsn detail are: slow disks, SeagateSCSIST318203M: with a min/arg/maxthroughputof 14.5/22.0/26.MB/s and
accessime 7.3msec thefastdisksareSeagate&SCSIdisksST318404M with athroughpuiof 22.8/30.5/36.31B/s and6.8 msecaccesgime.

2Thepower databas@rojectaimsatthe scalabilityto alargernumberof nodes(16, 32, or 64 processorshowever measuringuchtaskrequires
very large datasets.With our currentexperimentswe use10 GB of datawhich is adequatdor 1, 3, 6 processorsWe planto extendour work to
thenew 128node“Xibalba” databaselusterassoonaswe managehe engineeringhallengeof generatinganddistributing datasetsof 100GB to
10 TB sizewith LINUX.



Unlike previous work that focusespurely on instrumentationpur approachemphasizeshe aspectof mappingand
reversemappingof abstractionen themiddlewarelayerandinvertedmiddlevareframenork respectiely. We propose
thatthe invertedmiddlewvareframework is developedseparatelyandthatits functionalityis not to be integratedwith
the middlewarelayeritself. This approachmightimposesomelimitationsin what performancelatacanbe gathered
andwhatproblemscanbeanalyzedbut ourexperiencevith manuainstrumentatiorof specificmiddlevarelayers[15]
hasshavn that developersrarely careto instrumenttheir middlewarelayer for backward mappingsystemstateinto
userlevel abstractionsMost middlevarelayersareproprietaryor far to complex to modify andcanthereforeonly be
usedasa blackboxin large softwaresystems.

Figure2 summarizesherelationshipsetweemmiddlewvarelayerandinvertedmiddlewareframeavork astwo partsof
a comple software systempermitting the developmentand the performanceanalysisof applicationshand-in-hand.
The graphshovs someobvious structuralsymmetriegnote the interestingcombinationof horizontalandrotational
symmetries).
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Figure 2. Symmetric structure of middleware layer and inverted middleware framework executing with an application
code on a particular system platf orm.

In complex systemsthe mappingof high level abstractiongo operatingsystemspecificfunctionsresembles chain
of mathematicafunctionsleadingfrom the high level applicationcallsto the API of the middlevarelayerandto the
low level systemcalls of the underlyingoperatingsystems.Therefore,it is mostobviousto usea similarly layered
implementationof inversemappingfunctionsto projectthe systemstateand the performancemonitoring datainto
the abstractworld of the applicationlayer This approachof decomposingomplec distributed systemsnto layers
shouldbeviable aslong asthedistributedsystemin questionshavs the propertyof nearly-completelecomposability
asstatedby Courtois[4, 5]. Accordingto the criteria given by Courtois,we found this propertyin the distributed
systemusedfor our distributed OLAP application. Therefore we canbreakour systeminto subsystemandpropose
their aggreyationin single blocks or layers. This techniquepermitsto study the interactionsamonglayers (weak
interactions)without knowing andconsideringhe interactionswithin the layersthemseles(stronginteractionsland
thereforewe cantreateachlayersof the systemseparatelyasa blackbox andtry to find aninverseto its functionality.
Suchis requiredsincewe do not have sourcecodeor accesgo the internalsof the commercialORACLE database
managemergystemrunningon eachclusternode.Figure 3 shavs thedecompositiorandthe threelayersconsidered
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Figure 3. Middleware layer functionalities for distrib uted computing, i.e. task parallelism, distrib uted task execution,
automated data distrib ution.

for our system:the applicationexecutingthe SQL query, the cornventionalDBMS layerrunningon eachnodeandthe
distribution systemthatpartsanddistributesthe work amongmultiple clusternodes.

Mostplatformsfor distributedcomputing(hardwareandoperatingsystemarealreadywell instrumentedvith detailed
performancemonitoring facilities like high precisiontimers, performancecountersor systemcall tracing facilities



inside the operatingsystem,but thoseare running at eachnode of the distributed systemseparately So for most
systemgheinformationfor performancengineerings alreadythere but currentlyit cannotbeusedattheapplication
level dueto a middlewareernvironment.lt is thefunctionality of theinvertedmiddlewareframeavork to make this data
availablefor performancestudiesandperformanceptimization.

3.2 The Structur e of Inverted Middlewar e Framework

Thesoftwaresystenof aninvertedmiddlevareframeworkis structurednto threedifferentlayersaswell: anapplication-
specificlayer, a distribution-specifidayeranda system-specifitayer. Figure4 shaws the threelayersandhow they
relateto the othercomponent®f thedistributedsystem.

Application

Application-Specific Layer

MW MW Distribution-Specific Layer

System-Specific Layer

Distributed System

Figure 4. Structure of inverted middleware framework in the distrib uted environment.

The system-specifiayer of invertedmiddlevareframeavork monitorsandcollectssystem-specifiperformancalata.
System-specifiperformancedataincludesinformationon resourcaisageandbottleneckgyatheredver the lifespan
of theapplication-run.In our currentprototype ,we monitor the following resourcesthe local CPUsusagethelocal
disksusageandthelocal network usageassampledn eachplatformnode.

The distribution-specifidayer gathersthe performanceelateddatafrom several nodesand patchest into a single
coherentiiew of thewhole systenmto behandedverto theapplication-specifitayer. Invertedmiddlevareframenork
inheritsthe masterslave settingfrom its middlewvare layer counterpart. The information gatheredby the masteris
alreadyproperlyfiltered by the slavesandreadyfor processingtthe application-specifitayer.
Theapplication-specifitayer usegheglobal performancealataof theentiresystentfor application-leel optimizations
andperformancepredictions.The top-mostlayerusesa performancenodelof the applicationitself to mapresponse
variablescollectedfrom the global view of the systemonto suitablesuggestiorior performanceauning,e.g. changes
of parameterghatareperformanceelevantfactorsof the computation.

3.3 ProblemsAddressedn Inverted Middlewar e Framework

We considera distributedsystenrunninganapplicationcodeover anextendedamountof time. Thereforewe have to
copewith alargeamountof performanceelatedinformation,which we call responseariableaccordingto [10]. An
exhaustve representatiomf all relevant performancelatais ratherexpensve, in particularif the distributedsystem
hasa large numberof nodesto be monitored.A hugeamountof informationwould have to be exchangedwithin the
invertedmiddlevarelayersleadingto a high overhead The amountof systeminformationmustbefiltered. Insteadof
recordingevery eventpossible someparametersnustbe capturedoy sampling. If samplesarenot takenfrequently
enough,it is impossibleto make an accuratestatementboutthe system,but if they are taken too frequently the
systemis perturbedy floodsof monitoringtraffic. Thegranularity of samplesmustbeatrade-of betweeraccurayg
of the systemview andthe costfor the systemmonitoring. Compressiorinto a representatiof minimal size and
appropriategranularityis necessaryin our experimentsye referto alocal sampleevery onesecond.
Theperformancelata(responseariables)we collectfrom the nodescomprises:

¢ thenumberof instructions(i.e. userinstructionslCysed j) andsysteminstructionsiCsy4j)) on the coordinator
andnodesCPUs. j rangedrom 1 to ns+ 1 wherensis thefactorexpressinghe numberof nodes.

e thenumberof sequentiatlisk accesseésed j)) andnonsequentiatlisk accesseéno_se( j)) to thedisk of the
coordinatorandeachnode(j rangesrom 1 to ns+ 1).

e the averagestride avg stride(j) for the disk accessn eachnodeandthe coordinator By averagestride, we
relateto theaveragemovemenif thedisk headbetweertwo randomaccesset adisk. In theLINUX operating
systemsequentiatlisk accesseshowv up asreadswith astrideof two blocks(blk) while nonsequentiahccesses
shav up aslargerstrides.



o the amountof traffic transferredover the network interconnect:(i.e. Fast Ethernet,Gigabit Ethernet). We
distinguishbetweenthe amountof bytesreceived(sizered j)) by eachnodeandthe coordinatoron network
device,andtheamountof bytessent(sizetrang j)) from eachnodeaswell asfrom the coordinatoron network
device. Again, j rangesrom 1 to ns+ 1.

Thisinformationis sampledasa changingateoverthetime of anexecution.

Oneimportantpoint in the designand developmentof inverted middlewvare framework is how deeplythe system-
specificlayer shouldbe integratedwith the operatingsystem.Our bestsolutionis to implementthe system-specific
layerof invertedmiddlewareoutsidethe kernelasa daemonThisrenderanonitoringslightly slowerandlessaccurate
thanin akernelimplementationbut remaingnucheasieito maintainwith new versionof theOSkernel(whichhappen
ratherfrequently). The prototypeis basedon LINUX /proc file mechanisnto write performanceadata. However, the
informationavailablein the /proc file aresignificantlyextended. The invertedmiddlewvareframewvork usesthe hard-
ware performancecountes of the Pentiumprocessothataremadeaccessibléhrougha library we have implemented
oursehes.All informationfor performanceanalysiss gatheredtevery nodeof our distributedsystemn parallel. Our
invertedmiddlewareframework is responsibldor puttingtogethertheinformationin a globalview. The monitorsin
thenodessendthe performancénformationimmediatelyto the monitoringmaster The network overheadfor these
frequentdatatransmissionss keptlow usingthe UDP/IP protocols,which are known to work quite well in clusters
of PCswherelinks areshort,full crossbaiswitchesare commonandtransmissiorerrorsareinfrequent. Many pro-
grammersrestill building distributed monitoringtools with TCP/IPinvolving retransmissiomndflow control. We
learnedhatfor thebestsamplingaccurag andfor theleastsystendisturbancat is betterto useUDP/IPanddealwith
thelossof information. Suchlossof messagesanbetreatedik e samplingerrors. Moreover, the useof the UDP/IP
protocol optimally fits our specificnotion of time within the distributed system. Communicatingmonitoring data
throughTCP/IPwould resultin unwantedsynchronizatiorthroughacknavledgemessagesyhich addsperturbation
to ourapplications.

Maintaining a consistentnotion of time in a distributed systemis an importantaspectof our invertedmiddlevare
frameawvork. The monitoring masterhasto be able to patchtogetherthe performancedataof the several nodesin
a consistentmannerwith a global wall clock time scale. To addresghis issue,a consistentsingle notion of time
amongtheseveralnodesof the distributedsystemhasto be maintained.To overcomethis problem theframeawvork has
to introducesomemechanism®f synchronizatiorduring the performancesamplingwithout introducingadditional
monitoringintrusions.To copewith the problemof maintaininga globalnotionof time andatthe sametime reducing
monitoringintrusions,we proposea notion of time basedon accuratebuilt-in cycle counters.We avoid unnecessary
synchronizationshrougha highly precisesynchronizatiorat the startof the monitoringsessiorand,asthe execution
progressegelaxingto aloosesynchronizatiorf7] in which the monitoringtool synchronizesamplingby looking at
the highly accuratecycle countersin the CPUs. The built-in cycle countersmechanisnactsasvirtual barriers. The
cycle countershave to be deliveredastimestampsn the performancepacletscontainingthe sampleinformationsent
to themonitoringmaster

3.4 PerformanceModel

Theapplication-specifitayerof invertedmiddlenvareframevork includesa performancenodelof theapplicationthat
cantranslatethe elementaryresponsevariablesinto high level answerso performancequestionsand performance
predictionghataresuitablefor optimizingthe usercontrolledfactorsof anapplication.

Our currentmodelis a simple setof formulaswhich allow the estimationof resourceusagein caseof a transparent
middlewarecharacterizedty efficientresourceallocationandcontrol.

Table 1 shaws the set of equationsmaking up the analyticalmodel usedfor the estimatesf total executiontime
basedn dataaboutthe detailedresourcaisage Themodelaggrejatedow level responseariablesasaneffect of the
factorschosenn Section2.4. Sincewe aredealingwith resourceconstraintsthe entiretabletalks aboutmaxvalues
of thetime componentgjivenby the severalnodesandthe coordinator Note thatthe time componenbf CPU usage
is directly relatedto the amountof instructionson the nodes the time for the disksusageis the sumof the time for
sequentiabndnonsequentiabccesse® thediskswhile thecommunicatiortime depend®n thecommunicatiorrate
andsizebothgatheredhroughtheinvertedmiddlenvareframewnork in the masterslave setting.

3.5 PerformanceOptimization on the Application Layer

ORACLE providesmary meansto estimateand measurehe costsfor executingSQL operations. For instancea
numberof internalsystemperformanceablesrecordhow mary resourcefiave beenconsumedby thecurrentsession,
e.g.thenumberof disk accesses;PUconsumptionor the numberof requestedbcks. Our monitoringtool 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 aggreyatedperformanceneasure®f the nodesin the cluster(seeTable1). In contrastto the
performancdablesin ORACLE, we not only know who consumechow mary resourcesluring the executionof a
query, but alsowhenandwheretheseresourceconsumption®ccurred.An interestingquestionat this pointis: how

canwe exploit this knowledgein orderto optimizetheapplication.

Accordingto Figure4, the application-specifitayer of the invertedmiddlevareshouldsuggesbptimizationsor pro-

vide feedbackfor the applicationbasedon the performancedatagatheredoy the distribution-specificlayer andthe
system-specifitayer. In the optimal case the invertedmiddlewarewould be ableto tunethe applicationautomati-
cally suchthatchangesf hardwareor querycharacteristicsvould immediatelyleadto a better(hopefully optimal)

configurationof theapplication.However, having adatabasasthe middleware,automaticuning of the applicationis

notentirelyfeasibledueto thecomplexity of the SQL interface.Commoditydatabasebk e ORACLE canonly adjust
somespecificperformancesettings:e.g. ORACLE usesa cost-basedjueryplanerto find an optimal executionstrat-
egy taking statisticalinformationaboutthe datadistribution and performancecharacteristicef the operatingsystem
into account. However, importantaspectdik e physicaldesign(whatindexes,how muchnormalization,how much
replication,how to clustertables)or partitioningof dataarefar beyond of whatcommaoditydatabaseystemsareable
to optimize. Therefore we assumehatthe application-specifitayer furtherincorporatesomehumanexpertswhich

areableto tunetheapplicationbasedn the footprintsgeneratedby the monitoringtool.

Example: The query executionplan describeghe algorithm that the databaseisesin orderto evaluatethe given
SQL query In mostcasespnecouldapply a numberof differentplansto a singlequery Choosingthe optimalone,
however, is not an easytask. Giventhe performancalataof the lower levels of the invertedmiddlevareframework,

an expertcouldidentify bottlenecksn resourceallocationandcould relatethemto the operationgperformedby the
databaseccordingto the executionplan. In orderto remove thesebottlenecksthe expert could suggesto create
additionalindexesor to partitiondatain a differentway (amongotherpossibilities).In Sectiord, we give anexample
for sucha scenariawith thetwo partitioningschemesntroducedn Section2.

c

4 PerformancelssuesStudied using the Inverted Middlewar e Framework

In this chapter we will look at threeimportantperformanceassuesincluding the workload characterizatiorof the
TPC-Dqueriestheir scalabilityandthe dependengon thenetwork interconnectn aclusterof commodityPCs.With
arigorousperformanceanalysisbasedon the useof the invertedmiddlewareframework, we canpresentsomesolid
explanationsaandremediedor theissuesandproblemsfound.

4.1 Workload Characterization of Parallel TPC-D

The TPC-D benchmarlusesl? differentqueriesthatfall into a few differentcategories. As databasepecialistsywe
would typically classifytheminto cateyoriesbasedon the numberandthe extendof join operationgequiredto work
throughtherelationtablesaffectedby eachquery Our currentapproachasclustersystemarchitectsandperformance
evaluationspecialistss quitedifferent;we proposeanalternatve classificatiorof thequerieshasedn themostcritical
machineresourcesisedduringtheir execution.

The severalmachineresourcedn our distributedsystem(local or remote)differ alot in speedandavailability. In our
performancenodelthatis part of the invertedmiddlevareframeawnork, we identify threedifferentmachineresources
thatcanbeacritical limit to fasterexecutionof aquery:the CPUusagethedisk usageandthenetwork usagefor inter
nodecommunicatiorin the caseof parallelprocessingWe considerCPU, disk andnetwork usagesecausef their




directsignificanceto the databaseapplications.Moreover, we adda fourth cateyory for querieswhoseperformance
cannotbemodeledaccuratel\basedn resourcaisagebecauseevealinganobviousinefficiency in oneof theDBMS
layers.Thisapproactandtherelatedsetof resourcess certainlynotlimited to databasapplications We successfully
usea similar methodfor the analysisandmodelingof parallelscientificcodeq15].
A typical exampleof a querylimited by CPU usage's query1, atypical exampleof a querylimited by disk usage
is query4. Query3 exhibits aninterestingdependeng on the communicatiorsubsystemwvhenexecutedon multiple
nodesandis thereforea goodexamplefor a querylimited by network usage.Finally, query8 shaws the limitation of
our performancevaluationtechniguesinceits resourcausageappeargo betotally inconclusie. Unlike in all other
casesvheretheprocesseautputof our monitoringtoolsandour analyticmodelexplain the executiontime within an
averageerrorof lessthan10%,, in this casemostof the executiontime remainswithout directallocationto machine
resourcen thesystem.

Figure5.a(left) breaksdown the usagetime allocatedto the specificmachineresourcedy theinvertedmiddlevare

Components of time allocated to the resource usage for Percentage of time components allocated to the resource usage
query 1 with different CPU clock rates and number of nodes for query 1 with different CPU clock rates and number of nodes
(2-part schema, fast disks) (2-part schema, fast disks)
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Figure 5. Components of the time allocated to the resour ce usage (i.e. CPU, disk and network usage) for query 1 (a)
and related percentage of the components (b) with diff erent CPU clock rates and number of nodes.

frameawork for query 1 with two differentgeneration®f PC clustersthat differ in the CPU clock rates. The time
componentsarefour: CPU usage sequentiahccessandnon sequentiaccesgo the disk subsystenandinter-node
communication.Figure5.b (right) shavs the percentag®f thesecomponentsThe invertedmiddlevareframewnork
shavs thatthe CPU usageaccountgor 80%to 60% of the executiontime, dependingon the clock ratesof the CPUs
used. The componenbf the executiontime attributedto CPU usagediminishesby a factorof 2.5whenwe upgrade
theCPUsfrom 400MHzto 1 GHz proving thatqueryl is fully CPUlimited. Looking atthescalabilitywith agrowing
numberof nodeswe statethatthe fractionsof executiontimesstaythe sameandthatthe limiting factorremainsthe
CPUevenfor largerclusters.The preciseextentof scalabilitywill bediscussedn the next subsection.
Figure6.a(left) breaksdown the usagetime allocatedto the specificmachineresourcedy theinvertedmiddleware
frameawork for query4 with two differentdisk typesusedin thenodesof our clusters.Again, Figure6.b (right) shovs
the percentagef thesecomponentsThe dataprovidedby theinvertedmiddlevareframenork indicatesthatthe disk
usageaccountgor morethan90% of the executiontime in both caseof disk subsystemsThe invertedmiddlevare
frameawork is further capableto distinguishsequentiafrom nonsequentia(random)readdisk accessesAs expected
for OLAP workload, the emphasiss on sequentiareadaccesswith a ratio of 90%/10%for the slower disks and
85%/15%for the fasterdisks. Going to fasterdisksdoessignificantlydecrease¢he executiontime ascanbe seenin
Figureb5.a. Thefractionof executiontime allocatedo disk operationdy theinvertedmiddlenvareframenork decreases
with fasterdisksasexpected.As for scalabilitywith 1, 3 or 6 nodes the fractionsof CPU-, disk- andnetwork usage
staythe samefor all distributedconfigurations.
Weidentifiedquery3 asarepresentatie of anetwork limited query Figure7.a(left) shavstheusagdimeallocatedo
the specificmachineresourcedy theinvertedmiddlevareframework for query3 (i.e. CPU,disk andnetwork usage)
with two differentnetwork interconnecteommonlyfoundin clustersof PCs(i.e. FastEthernetandGigabitEthernet).

1We did calibratetheanalyticalmodelwith numerousneasuremen@ndwe do have thedatato shaw its accurag, butwe hadto omit thefigures
dueto spaceconstraints.
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Components of time allocated to the resource usage for
query 4 with different disk speeds and number of nodes
(2-part schema, 1GHz)

Percentage of time components allocated to the resource usage
for query 4 with different disk speeds and number of nodes
(2-part schema, 1GHz)
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Figure 6. Components of the time allocated to the resour ce usage (i.e. CPU, disk and network usage) for query 4 (a)
and related percentage of the components (b) with diff erent disk speeds and number of nodes.
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Figure 7. Components of the time allocated to the resour ce usage (i.e. CPU, disk and network usage) for query 3 (a)
and related percentage of the components (b) with diff erent networks and number of nodes.

As expected,thereis no inter-nodecommunicationin the uniprocessorcase(l processorandthe communication
become®nly visible aswe distributetheworkloadto multiple nodeq3 and6 nodes)n thePCcluster Thedistribution
of theresourcesvithout the network is about30% CPU and 70% disk andstaysthatway for larger clusterspointing
at almostlinear scalability for the CPU and disk componentsaind at the good explanationof the non scalability by
thecommunicatiorwork. Surprisingly thereis noimprovementwith theadditionof GigabitEthernethatis 10times
fasterthanFastEthernet.Thescalabilityandtheimpactof thenetwork will be discussedbelow - for now we just state
theevidencethatquery3 is anetwork limited queryin parallelOLAP on clustersof PCs.

We classifythe querieswhosetotal usagetime allocatedo the specificmachineresourcedy theinvertedmiddleware
framawork for is much shorterthanthe total run-time (lessthan 15% in average)as DBMS inefficient or DBMS-

dependent.The invertedmiddleware frameawork reportsthat for suchqueries,noneof the monitoredresourcesre
intensively used. The lack of a critical machineresourcendicatesaninternalproblemin the DBMS andthe system
seemsto be capableto executesucha query much faster Certainly there might be an additionalnon-monitored
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Allocated and non allocated time to the resource usage for
query 8 with different number of nodes
(2-part schema, fast disk)

Percentage of allocated and non allocated time to the resource
usage (a) and related time components of the allocated time (b)
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Figure 8. Execution time component allocated to the use of specific machine resour ces and time that can not be
allocated by the inverted middleware framework in query 8. The percentages are further broken down into components
of the allocatab le part by the inverted middleware frame work.

resourceor a combinationof resourceghat could be the bottleneck but we did not find any andit remainsunlikely
that the entire set of monitoring tools of a modernoperatingsystemwould not recordary indication. In parallel
scientificcodeswe found suchbehaviors dueto loadimbalanceandduetoill fatedsynchronizatioralgorithms[15].
Query8 is characterizethy sucha behaior. Figure8.a(left), indicateshetime allocatedto theresourcausageby the
invertedmiddlewvareframewnork with thenonallocatedtime for this query We canseethatthe phenomenois present
to the sameextentin the centralizedcase(1 processoraswell asin the parallelcaseq3 or 6 nodes).Thetime spent
basedon the profiledworkloadof the CPU, disksandnetwork coverslessthan20%for the queryrunningon asingle
nodeandincrease®nly slightly to overthe 25%for six nodesasindicatedin Figure8.b (right figurefirst threebars).
A furtherbreakdavn of thetime explainedby theinvertedmiddlevareframenork in query8is abit inconclusve. The
partof query8 we canexplain seemgo be disk limited with a largeemphasiof randomdisk accessedt alsoseems
thatthesequentiahccesseandthe CPU usagedoesscalewith alargernumberof nodeswhile thenonsequentiatlisk
accessedo not scale(right figure lastthreebars). Sucha situationindicatesa high potentialof optimizationthrough
tuning parametersf the applicationcodeor the DBMS. In fact, we have accesdo a few intrinsic parametersf the
systemthataffect the performanceThe upperDBMS layerthatdoesthe distribution of the relationtablesof TPC-D
acceptintsabouta moreor lessaggressie stratgy for partitioningvs. replicationof therelationtablesin TPC-D.
We thereforeusedour framework to investigateherespons¢o suchparametewariation.
Theinvertedmiddlewareframenork with the collectedperformancenonitoringinformationcombinedwith ananalyt-
ical modelof resourceusagepermitsto characterizéhe workloadof TPC-D OLAP applicationmorecloselythrough
a classificationof the queriesaccordingto their individual resourceusage.With our frameawork, we canclassifythe
gueriesasCPUlimited, disk limited, communicatiorimited or inefficient dueto DBMS limitations.

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

Figure5.aandFigure5.bshav that CPUusagds the mostimportantcomponentn the processingf queryl andthat
thiscomponenscalesalmostperfectlywith a growing numberof nodesnvolvedin a parallelprocessingf this query
The secondmostimportantresourcdimitation is disk usage Sincewe usea shared-nothingrchitectureo distribute
theworkload,the numberof disksincreasesvith the numberof nodesinvolved. Theinternodecommunicatiorstays
negligible in this query sincevery small amountof datais transferred.Figure 6.aand Figure 6.b confirm a similar
picturefor query4. Processinghis queryresultsin heary on disk usage.Again this is invariantto changesn the
numberof nodesbecause¢hetotal disk performancescalesvith anincreasinghumberof nodes.Thesecondnostused
resourcas CPUusagewhich scalesperfectlyto largersystems.

For query3, the network usagedoesno longerscalenicely with the increaseof the numberof slaves,while the other
resourcegi.e. CPU usageandsequentiahccesdo disk) have goodscalability (seeFigure 7.aandFigure7.b). The
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reasorfor the limited scalabilityis a growing percentag®f executiontime dueto inter-nodecommunicatiorwith 3
and6 nodesnvolved. Furthermorethetime componentscaleexactlyin thesamewayfor 1000BaseTand100BaseT
andthereforethelossof scalabilityseemgo beindependentf the strengthof theinterconnectiometwork.

The amountof communicatiorrequiredto processa parallelqueryis not necessarya reasonfor badscalability In
our clustersof PCs,the nodesare interconnectedvith a full crossbarswitch and therefore,the network resources
availableto the parallelprocessingof OLAP workload could actually grow linearly with the numberof processing
nodesinvolved. Furthermorethetotal amountof communicatiordatareportedby the monitorsandcollectedby the
invertedmiddlewareframawork s fairly smallanddoesnot pointdirectly ata bottleneck.Evena slow, sharednedium
Fast Ethernet(hub) would be ableto provide the necessaryaw bandwidthto move the data. Therefore,a proper
communicatiorperformancestudyrequiresmorethanthetotal amountof datatransfered.

The global samplingof the communicatiordataby meansof the invertedmiddlevareframework is accuratelysyn-

chronizedby a virtual wall clock time and permitsto identify bursty and unbalancedetwork traffic in the parallel
application.

Communication speed of query 3 on coordinator and each of three/six processing nodes connected by Gigabit Ethernet
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Figure 9. Communication activity during the the processing of query 3 for three/six nodes on the coor dinator node
(left) and on each of the three/six processor nodes (right).

Figure 9 on the left shavs the communicatioractivity on the coordinatornodefor query 3 while coordinatingthe
processingf the querywith three/sixnodes(coordinator/3andcoordinator/6).At the sametime the figure displays
on the right the communicatioractiity for the samequery on the three/sixindividual processingnodes(noden/3
and noden/6). The datain the picturesare gatheredat the distribution-specificlayer by the inverted middlevare
framework.

In the top-right chartswe considerthe communicationon eachof the threenodesfor the processingf the query
with threenodes,while in the bottom-rightchartswe look at the communicatioron the first andlast nodesfor the
processingf the querywith six nodes.Thechartsrelatedto the processingn threenodes(top) depictthetransferred
numberof bytesper secondasa function of time whereOs denoteghe startof queryexecutionand280sthe end of
gueryexecutionfor threenodes.Thesameqgueryfinishesearlieri.e. roughlyattime 170swhenthework is distributed
amongsix nodes(seechartson the bottom). In the left chartswe look atthe communicatiorwork on the coordinator
anddistinguishbetweerfsendsto thenodes”and“receivesfrom thenodes”.In theright chartswe distinguishbetween
“sendsto the coordinator’and“receivesfrom the coordinator”. The graphsshav a network traffic thatis quite bursty

13



andimbalancemostof thetraffic is concentratedn the coordinatoywhile the processingiodesclearlycommunicate
atroughlyonethird or onesixth of the speedf the coordinator

The graphsrefutedour initial assumptiorthat communicationis highly asymmetricaddue to the algorithmin TP-
Lite that processegartial querieson eachnodeandfinally gathersthe resultsin the coordinator In reality, the
communicatiortraffic is quite symmetricalandduringthe datatransferthe coordinatorsendsalmostasmary bytesof
requeststhenodessenddor its answersFurthermorethe peakcommunicationmatesin thecoordinatoiis determined
to bejust 6.4 MBit/s in anetwork thatcansustainoneGigabit/s(i.e. 160timesmore)undergoodconditions.

The invertedmiddleware framework provides preciseallocationof total executiontime to eachresourceusageand
offers the possibility to recordresourceusagefor arbitrary samplingintervals. This helpsto find andto isolatethe
causdor thelossof scalabilityin the processingf nonscalablequeries.An accuratesamplingof all communication
activity over the entireexecutiontime is requiredto discover anddealwith performancdimitation dueto burstsand
hot spotsin thecommunicatiorpatterns.

4.3 Performancelmpacts of the Network Inter connectSpeed

During the evaluation,procurementindinstallationof a large clusterfor databaseesearchye studiedthe question
of the leastinterconnecttechnologythat is sufficient for the plannedwork on parallel databases.For a Beowulf
type cluster a commodityFastEthernetswitch would be sufiicient. For enhancedlusterswe would opt for a Fast
Ethernetswitch that providesfull bisectionbandwidth(or non blocking portsin networking terminology). For an
adwancedcluster we considerhigh performancdnterconnectdik e Gigabit Ethernetor Myrinet. Dependingon the
performancenetworking, a clusternodecancostbetweenl00and1000pernodeinstalled. Our studyshouldanswer
the questionof whetherclusterswith higherinterconnecspeedsareworthwhilefor parallelOLAP processingr not.
For our measurementsye equippedour clusterof PCswith GigabitEthernetandafully non-blockingl6 port switch
in additionto non-blockingFastEthernet.

Thestudyof the benefitof ahigherspeednterconnects limited to query3, anexamplequerythatobviouslybecomes
communicatiorboundin the parallel configurationsof 3 or 6 nodes. As seenin the Figure 9, the communication
activity is bursty andtakesplacetowardsthe endof the query Furthermorethe communicatiortakesplacebetween
thecoordinatoandall thenodesatthe sametime (two peakspnefor the 3 nodeexperimentandanotheifor the6 node
experiment),but mostimportantlythe speedof communicationis just 6-7 MBit/s which is two orderof magnitudes
belown the 100 MBit/s thatis possiblewith FastEthernetandthreeorderof magnitudeslower thanGigabit Ethernet.
It is not visible from the chartif theinefficiency is dueto further burstynesr paclet collisionswithin the sampling
interval or if thereis software reasorfor this bad performanceand a separatexperimentmustbe usedto verify if
thereis ary benefitatall of usingafastemetworking technology(which would alsohandleburstytraffic faster).
Figure10.aandFigure10.bdepictthetraceof communicatioractivity onanode(transferdrom andto acoordinator)
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Figure 10. Slave comm unication rates of query 3 for Gigabit Ethernet (a) and for Fast Ethernet (b) on a cluster with
three slaves and CPUs with 1 GHz clock rate.

for query 3 in a systemof threenodesof clusterconnectedy FastEthernetand Gigabit Ethernetrespectiely. The
two similartraceswith completelyequalpeakandaverageperformancerove thatcommunicatiorbehavior is exactly
thesamefor a100MBit anda 1 GBit network andthatthereis no benefitat all of purchasinga network with ahigher
throughput.Although FastEthernetand Gigabit Ethernetdiffer significantlyin the throughputavailable,the lateng
andoverheador smallpacletsarenotthatdifferent.
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In our first approachfor a parallelprocessingof OLAP databasevorkloads,we usedORACLE databasdinks to

ship datafrom the nodesto the coordinatorin the cluster Thesedatabasdinks are basedon the ORACLE NETS8

transportprotocolanduse2PC(two phasecommit)to ensureransactionagjuaranteesOur experimentsclearly shav

thatORACLE databasénks arenot efficientenoughto work onlargecommunicatiodoadssincethey requirealot of

slow synchronizationSofinally, the lateng of the network or the processingverheadn the DBMS might become
the causeof the slow-down of thecommunicatiorwhile thebandwidthandthethroughputhasno longerary influence
on the performance.Moving the applicationon low latengy networks (like Myrinet) could still missto solve the

communicatiorproblemsbecausef the high overheadsn the DBMS. Evenif it helpsa bit, it is not expectedto be

costeffective sincethe bandwidthof Myrinet yet remainsunusedmostof thetime.

Again, theinvertedmiddlewareframeavork with its accuratesamplingandits global representationf resourceusage
in thedistributedsystenpermitsanin-depthanalysisof communicatiorproblemsandproperlyexplainstheinefficient

useof the network while processingjueriedike query3in TPC-D.With theinvertedmiddlenvareframewnork, we are
finally ableto explainwhy the TP-Lite approactbeharedso muchworsethanthe otherapproaches [1].

5 Architectural Implications of the Resouice UsageObserved

Following the classificationof the queriesreportedin the previous section,we cancalculatethe CPI valuefrom the
measurederformancedatafor the differentclassef TPC-D queriesand find numbersthat are quite interesting.
CPU limited queriesare indicative for the basicCPI value of OLAP workloads,but sincewe are on a paralleland
distributed systemwe are experiencingseveral modificationsto thosebasicvalues. If the nodesprocessinga query
spenda lot of time waiting for “peripherals”suchasdisks(SCSlcards)or the network (Ethernetcards) thecyclesare
notattributedto processingnstructionsbut to idle loopsin the operatingsystemkernel. Thereforethe CPl s inflated
assoonasdisk or network do mostof thework andarefrequentlywaitedfor.

For strictly CPU limited queries(e.g. query1), we measurea CPI of about1.5 on the older andthe newer typesof
nodesregardlesf clock rateof either400MHz or 1GHz. Researchersf UCB andUIUC lookedat CPI figuresfor
TPC-CandTPC-Don largesymmetricsharedmemorymultiprocessor¢SMPs).We arenot awareof ary studieshat
dealwith massvely parallelsupercomputenodesor entireclustersof PCsupto this date.

Keetonet al. [11] look at the CPU usageof the TPC-C Benchmarkusing Informix DBMS running on an Quad
PentiumPro, shared-memoryshared-diskconfiguration. The basicCPI including memoryusageis 2.90, which is
muchhigherthanthe CPI valuesfoundin computationabenchmarkdike SPEC95.Thosevaluesarefor OLTP and
sothedifferenceto ourvaluesof 1.4to 1.5for OLAP is notsurprising.Caoetal. [3, 2] look atthe characterizatioof
the TPC-Dbenchmarkwith Microsoft's SQL SenerandWindows NT ontop of SMP senerwith QuadPentiumPro,
shared-memoryshared-diskconfiguration. They reporta basicCPI of 1.27. This slightly lower figureis for a high
endSMP with moderategparallelism while our work dealswith clusternodesn a massvely parallelsetting.

We carefully studythe dependengthe CPI on the differentqueries;.e. the workload. For disk limited queries(e.g.
query 4), the CPU that is frequentlywaiting for the disk accesseiflatesthe overall CPI considerably The CPI
measuredn clusterswith the fasterdisksis about10 while the CPI for slower disksis about15. Communication
limited queriesare uniquefor paralleland distributed computingplatformsthat rely on networking technologyfor
inter-node communication. The resulting CPI valuesof 3 to 4 reflectthe idle loops encounteredor waiting for
datafrom the network. Finally, the DBMS software limited queriesshaov extremely high CPI valuesthat canonly
be interpretedby a failure of the monitoring ervironmentto track down the resourceusageproperly Query 8 is
characterizethy a CPI of about90.

The goodvaluesof the CPI for CPU anddisk limited queriesindicatesthata clusterarchitectshouldfocuson pur-
chasingfastdisksandpurchasingastCPU. This is consistentvith the believe of mary processoarchitectshatsee
a major driver for ever betterhigher MIPS ratingsin microprocessowith higherclock ratesandmorelILP in those
databasevorkloads.

The performancepicture of our studyturnedout to be devastatingto high speedcommunicationin clustersof PCs,
whichwasa primarytargetof the clustersouilt in our CoPs(Clustersof PCs)project.

Distributing OLAP queriesto a large numberof nodeswith partitioneddatacanresultin large amountsof inter-
node communicationfor 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 bottleneckdue communicationwhich takes place betweenthe coordinatorand all the nodesat the same
time. The bottleneckcanbe removedby improving the schedulingof the partial queriesandby balancingof theload
communicatiormorecarefully. As expectedfor a databas@pplicationthe performancef thedisksis highly critical
to overall performance.Using a distributed file-systemwith RAID capability basedon remotedisk accessesnay
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improvethe OLAP performancéeyondthe limitations of simpleparallelization.

6 Conclusion

Performanceanalysisin parallel databasesunningon clustersof commodity PCsremainsa highly difficult task,
sincewe arestill lacking mary of the tools andinstrumentatiorthat could give us the performancelatawe needto
understangbarallel-anddistributedsystemsexecutingOLAP workloadsin standardBMSs.

As a contribution to addresghis importantproblem,we presenta framework, the invertedmiddlewvare framework,
for collectingandfiltering theraw performancedatagivenby the operatingsystemin a distributedhigh performance
databasesystembuilt from commoncommodityPCsand commerciaDBMSs. Our framewvork combinesthe usual
monitoringinstrumentsatthe operatingsystemievel with aneffective strategy for collectionandinterpretatiorof this
monitoringinformationat the overall systemdevel. Togethemwith somesimpleanalyticalmodelof overall resource
usagewe canassesthehighlevel performancéndicatorsatalevel of abstractiorthatis appropriatdor anapplication
writer. In particular our systemis ableto give somenew insightsaboutthe useof specificmachineresourcesn the
system In the existing monitoringsystemwe captureCPUusagegCPI), two kindsof disk usagesequentiahndnon-
sequential)communicatiorsystemusageandthe work for memorysystemusageis currently progress.Unlike the
built-in performancemonitorsof mostdatabasenanagemergystemsur operatingsystembasedmonitoringsolution
is fully operationaln aclustersettingwith distributedprocessingndaccountgor accumulatedesourcaisageaswell
asfor atime-variantresourceusageby samplingandcollectingperformancedataat arbitraryintervals. Information
aboutpeakresourcaisageandtemporarybottleneckcanbe derivedfrom thetime-variantresourcaisageraces.

To demonstratehe viability of our approachandto drawv properarchitecturalconclusionaboutthe constructionof
future PC clustersfor high performancedatabasesystemswe useour framework to investigateparallel high per
formancedatabasegxecutingOLAP workloadson clustersof commodityPCs. We successfullyanalyzea highly
complex hardware-softvaresystemthatreliesprimarily on standarchardwareand commercialsoftwarecomponents
thatwereprovidedto usby a databaseesearchgroup. The configurationevaluatedncludesan ORACLE DBMS for
SQL processingat eachnode,LINUX operatingsystemto managethe nodes resourcesaswell asdifferentEther
net switchesto take careof inter-nodecommunication.The experimentalsoftware shell to distribute the queriesto
differentnodeq(TP-Lite) is takenfrom a databaseesearclproject.

In ourmeasuremerdffort, we executea 10GBTPC-Dbenchmarlandto characterizéheworkloadpreciselyaccording
to the resourceusageencounteredn the cluster We gain significantinsightinto the questionof the impactof high
performanceaetworkingto this sortof application.As a mostinterestingresult,we canclassifythe queriesof TPC-D
into CPU limited, disk limited or communicatiorimited queriesincluding a fourth classthatremainsinefficient due
to DBMS softwarelimitations. Knowing the critical resourceor eachquery, we canproperlyexplain scalability (or
lack thereof)for eachqueryon clusterwith threeandsix nodes. Basedon a simple analytic modelthat factorsthe
total executiontime into partsattributedto eachresourcewe canestimatethe scalabilityfor large numberof nodes.
To our biggestsurprise the inter-nodecommunicatioris not the key to betterscalability unlessthe communication
facilities of standarddDBMS software are drasticallyimproved. In particular we have shavn that the Gigabit high
speedhetwork in our high endclusterof PCsdoesnotimprove scalability of the applicationdueto inefficienciesin
thecommerciaDBMS softwarethatis usedin conjunctionwith TP-Lite.
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