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Abstract

Characterizingshared-memoryapplicationsprovides insight to designefficient systems,
andprovidesawarenessto identify andcorrectapplicationperformancebottlenecks.Config-
urationdependentanalysisis oftenusedto simulatedetailedapplicationtraceson a particular
hardwaremodel. Thecommunicationtraffic andcomputationworkloadgeneratedby theap-
plication traceis usedasa characterizationof this application.This paperdemonstratesthat
configurationindependentanalysisis a useful tool to characterizeshared-memoryapplica-
tions. Configurationindependentanalysischaracterizesinherentapplicationcharacteristics
thatdonotchangefrom oneconfigurationto another. While configurationdependentanalysis
is repeatedfor eachtargetconfiguration,configurationindependentanalysisis only performed
once. Moreover, configurationindependentanalysisdoesnot requiredevelopingmodelsfor
thetargetconfigurationsandis fasterthandetailedsimulation.However, configurationdepen-
dentanalysisdirectlyprovidesmoreinformationaboutspecificconfigurations.A combination
of the two analysistypesconstitutesa comprehensive andefficient methodologyfor charac-
terizingshared-memoryapplications.In this paper, we show how configurationindependent
analysisis usedto characterizeeightaspectsof applicationbehavior: generalcharacteristics,
workingsets,concurrency, communicationpatterns,communicationvariationover time,com-
municationslack,communicationlocality, andsharingbehavior. We illustratetheadvantages
andlimitationsof thisapproachby analyzingeightcase-studybenchmarksfrom thescientific
andcommercialdomainsandinterpretingtheresults.



1 Introduction

Computerarchitectsincreasinglyrely on applicationcharacteristicsfor insight in designingcost-
effective systems. This is true in the early designstagesas well as later stages. In the early
designstages,architectsfacea large anddiversedesignspace.Moreover, architectsof scalable
shared-memorysystemsfacemore designdimensionsincluding nodeandsystemorganization,
target communicationlatency andbandwidth,andmemorycaching,coherency, andconsistency
protocols.They needto selecta designthatbestfits theirobjectivesfor thetargetapplications.

Additionally, programmersinvolved in developing and tuning shared-memoryapplications
needtools for analyzingapplicationsto identify performancebottlenecksand to get hints for
improving performance.An applicationanalysistool's utility dependson its ability to provide
relevantcharacteristicsin anaccurateandtimely manner.

We have developeda methodologyfor characterizingshared-memoryapplicationsandeval-
uatingscalableshared-memorysystemdesignalternatives. This methodologyis basedon a set
of flexible tools that enablecollectingandanalyzingdata,instruction,andI/O streamtracesof
sharedmemoryapplications. This tool set providesconfigurationdependentandconfiguration
independentanalysis.

Configurationdependentanalysisusesa modelof thetargetsystemconfigurationto simulate
theapplicationtraceandpredictits performanceon thetargetsystem.Theconfigurationof amul-
tiprocessorspecifiesthewaythatprocessorsareclusteredin ahierarchy, theinterconnectiontopol-
ogy, coherenceprotocols,cacheconfiguration,andothersystempropertiesthatmaychangefrom
onesystemto another. Configurationindependentanalysis,on theotherhand,usesconfiguration
independentanalysisof aparallelexecutiontraceto extracttheinherentapplicationcharacteristics.

While configurationdependentanalysisis repeatedfor everytargetconfiguration,configuration
independentanalysisis only performedonceperproblemsizeandnumberof processorscombi-
nation. Configurationindependentanalysisprovidesa generalunderstandingof anapplication's
propertiesandoftenenablesexplainingtheresultsof configurationdependentanalysis.

This paperdemonstratesthatconfigurationindependentanalysisis a usefulapproachto char-
acterizeseveral importantaspectsof shared-memoryapplications,it is moreefficient in character-
izing certainpropertiesthanconfigurationdependentanalysis,andit cancapturesomeapplication
propertiesthatareeasilymissedby configurationdependentanalysisonafixedconfiguration.Us-
ing bothconfigurationdependentandindependentanalysis,it is possibleto have anefficient and
comprehensivemethodologyfor characterizingshared-memoryapplications.

In this paper, we describethetoolsandalgorithmsusedin configurationindependentanalysis
of shared-memoryapplications,andusethemto characterizeeightbenchmarksfrom theStanford
SPLASH-2,NAS ParallelBenchmarks(NPB), andTransactionProcessingPerformanceCouncil
(TPC)applicationsuites.

In therestof this paper, Section2 describessomeimportantshared-memoryapplicationchar-
acteristicsandwhy knowledgeof themis usefulto architectsandsoftwareengineers.Section3
describesourshared-memoryapplicationcharacterizationapproach.Section4 describestheeight
case-studybenchmarks.Section5 containseight subsections,whereeachsubsectiondescribes
how we usedconfigurationindependentanalysisto characterizea particularaspectof thebench-
marks,it statestheadvantagesanddisadvantagesof thisapproach,andinterpretstheresultsof the
eightbenchmarkcharacterizations.Finally, Section6 describessomerelatedwork andSection7
presentsconclusions.
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2 Shared-Memory Application Characteristics

Thispaperaddresseseightcharacteristicsof shared-memoryapplications:

� General characteristicsof theapplication,includingdynamicinstructioncount,numberof
distincttouchedinstructions,aparallelexecutionprofile(serialandparallelphases),number
of synchronizationbarriersandlocks,I/O traffic, andpercentageof memoryinstructions(by
type).

� Theworkingset[1] of anapplicationin anexecutioninterval is thenumberof distinctmem-
ory locationsaccessedin this interval. Theworkingsetoftenchangesover timeandmaybe
hierarchical,e.g. multiple workingsetsmaybeaccessediteratively andcollectively consti-
tute a largerworking set. The working setsizeis a measureof the application's temporal
locality, which affectsits cacheperformance.A largeworkingsetindicatesa low degreeof
temporallocality; whenthe working setsizeis larger thanthe cachesize,capacitymisses
occur. Characterizingthe working setsof the target applicationsis importantin selecting
the cachesizeof a new system. This characterizationis alsouseful to programmers;for
example,whenthe working setsizeis larger thanthecachesize,theprogrammercanim-
prove theapplicationperformanceby reducingtheworkingset,e.g.by segmentingamatrix
computationinto blocks[2].

� Theamountof concurrencyavailablein anapplicationinfluenceshow well applicationper-
formancescalesasmoreprocessorsareused.An applicationwith high concurrency hasthe
potentialto efficientlyutilize alargenumberof processors.Section5.3discussesfactorsthat
affecttheconcurrency of shared-memoryapplications.Theamountof availableconcurrency
in thetargetapplicationsprovidesthesystemdesignerwith insightin selectingthemachine
sizeand the numberof processorsclusteredin a node. Characterizingandreducingfac-
torsthatadverselyaffectanapplication's concurrency is valuablefor improving application
scalability.

� Communicationin ashared-memorymultiprocessoroccursimplicitly whenmultipleproces-
sorsaccesssharedmemorylocations.Communicationoccursin severalpatterns,depending
on the type andorderof the accessesandthe numberof processorsinvolved. Oneexam-
ple is theproducer-consumerpatternwhereoneprocessorstoresto a memorylocationand
anotherthenloadsfrom thislocation.Section5.4presentsaclassificationof thecommunica-
tion patternsof shared-memoryapplications.For asystemdesigner, sincecoherencemisses
andtraffic area functionof thecommunicationpatternsandthesystemconfiguration,char-
acterizingthe volumeof the variouscommunicationpatternsis particularly important. A
successfulsystemdesignerdesignsa systemthatefficiently supportsthecommoncommu-
nicationpatternsof thetargetapplications.Additionally, characterizingthecommunication
patternsin anapplicationenablestheprogrammerto avoid expensive patterns.

� Communicationvariationovertimeis asimportantascharacterizingoverallcommunication
volume.Communicationcanbeuniform,bursty, random,periodic,or exhibit othercomplex
behavior. Expressinghow the applicationbehavesover time enablesidentifying andchar-
acterizingtheprogramsegmentsmostresponsiblefor theapplication'scommunication.For
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a systemdesigner, theknowledgeof thedistribution functionof thecommunicationratesis
importantin specifyingappropriatebandwidthfor thesysteminterconnects.

� Communicationslack is the temporaldistancebetweenproducinga new valueandrefer-
encingit by otherprocessors.Characterizingthecommunicationslackis usefulto predict
thepotentialutility of prefetching.For an applicationwith largeslack,prefetchingcanbe
scheduledearlyto reduceprocessorstalls.

� Communicationlocality is a measureof the distancebetweenthe communicatingproces-
sors. For example,someapplicationshave local communicationwherea processortends
to communicatewith its nearneighbors,andothershave uniform communicationwherea
processorcommunicateswith all otherprocessors.In applicationtuning, communication
locality is usefulfor assigningthreadsto physicalprocessors.In systemdesign,it is use-
ful in selectingthe systemorganizationandthe interconnectiontopology. As an example,
consideranapplicationwhereonethreadproducesshareddatathatis consumedby all other
threads.In asystemwith mesh-styleinterconnect,betterperformancecanbeachievedwhen
theproducingthreadis run on a centrallylocatedprocessor. For anarchitectdesigningfor
thisapplication,supportinga broadcastcapabilitymaybeaviabledesignchoice.

� The sharingbehaviorof an applicationrefersto which memorylocationsaresharedand
how. A real shared memorylocationis a locationin the sharedspacethat is accessedby
multiple processorsduring the programexecution. A private locationis accessedby only
oneprocessor. A shared accessis anaccessto a real sharedlocationanda privateaccess
is anaccessto a privatelocation.Noticethatnot all sharedaccessesarecommunicationac-
cesses.For example,considera processorperformingmultiple loadsof onesharedlocation
after a storeperformedby anotherprocessor. Usingperfectcaches,only thefirst load is a
communicationevent that requirescoherencetraffic to copy the datafrom the producer's
cacheto the local cache.The subsequentloadsarenot consideredcommunicationevents
becausethey aresatisfiedfrom the local cache.Characterizingthesharingbehavior of an
applicationhelpstheprogrammerto localizedata,i.e. to mapdatato memoryin a way that
minimizesaccesstime. For example,mappingprivatedatato localmemoryreducesthepri-
vateaccesstime,andmappingshareddatato thenodewhereit is mostreferencedgenerally
reducestheaveragesharedaccesstime.

3 Characterization Approach

This sectiondescribesour methodologyfor characterizingshared-memoryapplicationsandeval-
uatingscalableshared-memorysystemdesignalternatives. This methodologyis basedon four
flexible tools that enablecollectingandanalyzingdetailedtracesof sharedmemoryapplications
asshown in Figure1. Thereis onetool for tracecollectioncalledthe Shared-MemoryApplica-
tion InstrumentationTool (SMAIT), two tools for traceanalysis: the Configuration Dependent
AnalysisTool (CDAT) andtheConfiguration IndependentAnalysisTool (CIAT), andonetool for
characterizingeventtimedistributioncalledTimeDistributionAnalysisTool (TDAT).

In Figure1, a shared-memorymultiprocessoris usedto executeandanalyzeinstrumentedap-
plicationcodes.However, theanalysistoolscanalsoaccepttracefiles. SMAIT supportsexecution-
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Figure1: A comprehensiveshared-memoryapplicationanalysismethodology.

drivenanalysisby (i) pipingthetracesdirectly to eitherCDAT or CIAT, insteadof generatingtrace
files, and(ii) acceptingfeedbackto control theexecutiontiming on thetracedmultiprocessorac-
cordingto CDAT's simulatedconfigurationor CIAT's analysismodel. Execution-drivenanalysis
enablesanalyzinglongerexecutionperiodsby pipingto eliminatetheneedto storehugetracefiles
andfeedbackto avoid theindeterministicbehavior of someapplications.

Usually, we first useCIAT to characterizetheapplicationcharacteristicsoutlinedin Section2.
Thenwe useCDAT to characterizeotheraspectsor to find theapplicationperformanceandgen-
eratedtraffic on a particularsystemconfiguration.CDAT is usedto characterizethingslike cache
missesandfalsesharingthatdependon configurationparameters,e.g.cachesizeandline width.
SincethispaperconcentratesonCIAT, othertoolsaretreatedbriefly. However, aninterestedreader
canreferto [3].

CIAT analyzesapplicationpropertiesthat do not changefrom oneconfigurationto another,
thusrelieving CDAT from repeatingthisanalysisfor everyconfiguration.CDAT, whichusesfairly
detailedmodelsof thesystemcoherenceprotocolandsystemstate,is generallyslower thanCIAT.

SMAIT hastwo parts:aperlscriptprogramfor instrumentingPA–RISC[4] assemblylanguage
files (basedon a tool calledRYO [5]), anda run-timelibrary that is linked with the instrumented
program.Theperl scriptprogramreplacessomePA-RISC instructionswith calls to therun-time
library subroutines.Duringprogramexecution,therun-timelibrary generatestracerecordsfor the
instrumentedmemoryinstructions,takenbranches,andsynchronizationandI/O calls.

In addition to its system-independentcharacterizationreportfile, CIAT generatesa detailed
memoryusagefile thatprovidesaccessinformationfor eachaccessedmemorypage.CDAT uses
the memoryusagefile for somepolicies of mappingmemorypagesto the simulatedmemory
banks.CIAT optionallygeneratesa traceof thecommunicationeventsthat is analyzedby TDAT
to characterizethe communicationvariationover time. TDAT is alsousedto analyzeCDAT's
traffic trace. The characterizationreportedby thesetools is usedto supportapplicationtuning,
early-designof scalableshared-memorysystems,parameterizingsyntheticwork-loadgenerators,
comparingalternativedesignoptions,andinvestigatingnew designapproaches.

CIAT usesamodelsimilarto thePRAMmodel[6] whichassumesthat� processorscanexecute� instructionsconcurrentlyandeachinstructiontakesafixedtime. Therefore,CIAT keepstrackof
time in instructionunits. CIAT interleavestheanalysisof multiple threadtraceson � processors
accordingto thethreadspawn andjoin callsandobeys therestrictionsof thelock andbarriersyn-
chronizationcalls. CIAT additionallymaintainsinternaldatastructuresfor theaccessedmemory
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thatareusedby its characterizationalgorithms(moredetailis givenin Section5).
CIAT assumesthattheapplicationhasoneor moreexecutionphaseswhereeachphasehasits

own properties.CIAT identifiesserialandparallelphasesautomaticallyandidentifiesuser-defined
phasesdelimitedby specialmarkerrecords. CIAT performsanalysisper phase,reportsphase
characteristicsat theendof eachphase,andreportstheaggregatecharacteristicsof all phasesat
theend.

4 Applications

Wehave analyzedRadix,FFT, LU, andCholesky from SPLASH-2[7], CGandSPfrom NPB[8],
andTPCbenchmarksC andD [9, 10]. SPLASH-2consistsof 8 applicationsand4 computational
kernelsdrawn from scientific,engineering,andgraphicscomputing. NPB are 5 kernelsand3
pseudo-applicationsthatmimic thecomputationanddatamovementcharacteristicsof large-scale
computationalfluid dynamicapplications(an earlierreportcharacterizes5 benchmarksof NPB
usingCIAT andCDAT [11]). TheTPCbenchmarksareintendedto comparecommercialdatabase
platforms.Thefollowing is a shortdescriptionof theeightbenchmarks.

Radix is an integer sort kernelthat iterateson radix � digits of thekeys. In eachiteration,a
processorpartially sortsits assignedkeys by creatinga local histogram.The local histogramsare
thenaccumulatedinto a globalhistogramthatis usedto permutethekeys into a new arrayfor the
next iteration(two arraysareusedalternatively). Ourexperimentsusedaradixof 1024.

FFT is a one-dimensional� -point complex FastFourierTransformkerneloptimizedto mini-
mizeinterprocessorcommunication.Thedatais organizedas � ����� � matricesandeachproces-
soris responsibleof � ����� contiguousrows. Thekernel'sall-to-all communicationoccursin three
matrix transposesteps.Everyprocessortransposesacontiguoussubmatrixof � ������� � ����� from
everyprocessor. If everyprocessorstartsby transposingfrom Processor0's rows,high contention
occurs. Hence,to minimize contention,eachprocessorstartstransposinga submatrixfrom the
next processor's setof rows.

LU is a kernelthat factorsa dense����� matrix into theproductof a lower triangularandan
uppertriangularmatrix. Thematrixisdividedinto ����� blocks.Theblocksarepartitionedamong
the processors,whereeachprocessorupdatesits blocks. To reducefalse-sharingand conflict
misses,elementswithin a block areallocatedcontiguouslyusing2-D scatterdecomposition.Our
experimentsused�! !"$# .

Cholesky is akernelthatfactorsa sparsematrixusingblockedCholesky factorizationinto the
productof a lower triangularmatrixandits transpose.

CG is aniterativekernelthatusestheconjugategradientmethodto computeanapproximation
to thesmallesteigenvalueof a sparse,symmetricpositive definitematrix. Table1 showstheorder
of thematrixandthenumberof iterationsof thetwo problemsizes.

SP is asimulatedapplicationthatsolvessystemsof equationsresultingfrom anapproximately
factoredimplicit finite-differencediscretizationof theNavier-Stokesequations.SPsolvesscalar
pentadiagonalsystemsresultingfrom full diagonalizationof theapproximatelyfactoredscheme.

TPC-C is an on-line transactionprocessingbenchmarkthatsimulatesanenvironmentwhere
multiple operatorsexecutetransactionsagainsta database.TheTPC-Canalysispresentedin this
paperis basedona1 Gigainstructiontracethatrepresentsthebenchmarkexecution.

TPC-D is a decisionsupportapplicationbenchmarkthatperformscomplex andlong-running
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able1: Sizesof the two setsof problemsanalyzed.The two numbersspecifyingthe problem
sizeof CG andSPrefer to theproblemsizeandthenumberof iterations,respectively. Thetotal
instructionsis thetotalnumberof instructionsexecutedusing32processors.Valuesin parenthesis
show thenumberof actuallyanalyzedinstructionsfor thepartiallyanalyzedproblems.

ProblemSizeI ProblemSizeII
Benchmark ProblemSize Total Instructions(M) ProblemSize Total Instructions(G)

Radix 256K integers 88 2M integers 0.63
FFT 64K points 30 1M points 0.51
LU &(')#��*&)'(# 80 '+",&��-'.",& 0.57
Cholesky tk15.Ofile 860 tk29.Ofile 2.13
CG "(/1032(2 /15 147 "405/�2(2)2 /15 2.43(0.75)
SP "$#76 /100 611 #80)6 /400 189(1.61)
TPC-C NA NA 16 users (1.0)
TPC-D NA NA 1 GB database (2.8)

Table2: TheSPP1600hostconfiguration.
Feature SPP1600Data

Numberof processors 32 in 4 nodes
Processor PA 7200@ 120MHz
Main memory 1024MB pernode
OSversion SPP-UX4.2
Fortrancompiler Convex FC 9.5
C compiler Convex CC6.5

queriesagainstlargedatabases.TPC-D is comprisedof 17 queriesthatdiffer in complexity and
run time. Eachqueryoftenundergoesmultiple phaseswith varyingdisk I/O rates. The TPC-D
analysispresentedin this paperis for a 2.8 Gigainstructiontracerepresentingthe third phaseof
Query3 wheremostof thequery's time is spent.Comparedwith otherqueries,althoughQuery3
takesa moderaterun time, it hasa high disk I/O andcommunicationrates[12]. A comprehensive
characterizationof TPC-D'squeriesis beyondthescopeof thispaper.

Table1 shows theproblemsizesanalyzedin this study. Thescientificbenchmarkswereana-
lyzedusingtwo problemsizeson a rangeof processorsfrom 1 to 32. ProblemsizeII hasabout
oneorderof magnitudemoreinstructionsthanproblemsizeI.

TheSPLASH-2benchmarksweredevelopedin StanfordUniversityto facilitateshared-memory
multiprocessorresearchandarewritten in C. TheNPB arespecifiedalgorithmicallysothatcom-
putervendorscanimplementthemonawiderangeof parallelmachines.We analyzedtheConvex
Exemplar[13] implementationof NPB which is written in Fortran. Theperformanceof an ear-
lier versionof this implementationis reportedin [14]. However, to geta generalcharacterization
of thesebenchmarks,we undid someof the Exemplar-specificoptimizations.The six scientific
benchmarkswere instrumented,compiled,andanalyzedon a 4-nodeExemplarSPP1600multi-
processor. Table2 shows theconfigurationof this system.

Thesix scientificbenchmarksaremulti-threaded,eachstartswith a serialinitialization phase
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whereonly Thread0 is active to setuptheproblem. After the initialization phase,� threadsare
spawnedto run on the � availableprocessorsin the main parallel phase. The problemis parti-
tionedamongtheavailableprocessorsandeachprocessoris responsiblefor its part. Thethreads
coordinatetheir work by usingsynchronizationbarriersandmutual-exclusionregionscontrolled
by locks. At the endof the parallelphase,the multiple threadsjoin andonly Thread0 remains
active in thewrap-upphaseto do validationandreporting.

Unlessotherwisespecified,thereportedscientificapplicationcharacteristicsarefor theparallel
phaseusing32processors.For CGandSP, theircharacteristicsdonotchangefrom oneiterationto
anotherin theparallelphase.Hence,to save analysistime,we performedouranalysisof problem
size II only from the programstart to the endof the seconditerationin the parallelphase.We
reportthecharacteristicsof theseconditerationasrepresentativeof thewholeparallelphase.

The TPC traceswere collectedat HP Labs on a 4-CPU HP server running a commercial
databaseenvironment.In this configuration,parallelismis exploitedusingmultipleprocessesthat
communicateusingsharedmemoryandsemaphoreoperations.The TPC-C traceis composed
of tracefiles for 45 processes,andthe TPC-D traceis composedof tracefiles for 23 processes.
Theoperatingsystemservestheactive processesby performingcontext switchingon the limited
numberof CPUs. To capturethe characteristicsof eachprocess,CIAT analyzesthe TPC traces
by runningeachprocesstraceon a dedicatedprocessor. Consequently, 45 processorsareusedto
analyzeTPC-Cand23processorsareusedfor TPC-D.

TheseTPC tracesinclude recordsfor the user-spacememory instructions,takenbranches,
systemcalls, andsynchronizationinstructions,e.g. load-and-clear-word. However, they do not
containinformationaboutcontext switching. Thus,it is impossibleto analyzethesetracesin the
exactoccurrenceorder. For suchcases,CIAT usesa conservative traceschedulingalgorithmthat
doesnotviolateprocesssynchronizationordering.Namely, CIAT usesthetimestampsin thetrace
synchronizationrecordsto breakthe tracesinto logical slices. A slice is a sequenceof memory-
access,branch,andsystemcall recordsthataresurroundedby two synchronizationrecordswhich
containthestartandendtimestampsof thesliceobservedwhenthetracewascollected.CIAT sorts
theslicesinto a list accordingto their starttimesandschedulesthemon theavailableprocessors.
If thesliceat thelist head,A, hasa starttime thatis largerthantheendtime of anearlierslice,B,
thatis still active, thenA will notbescheduledby CIAT until B completes.

Althoughthisconservativeschedulingcorrectlycapturesinter-processcommunication,its con-
servative orderingof the sliceslengthensthe executiontime, andconsequentlywe cannotaccu-
ratelycharacterizetheconcurrency, communicationvariationover time,andcommunicationslack
of theTPCbenchmarks.

5 Characterization Results

Thefollowing eightsubsectionsaredevotedto theeighttargetedcharacteristicsof shared-memory
applications. Eachsubsectiondescribesthe configurationindependentanalysisused,statesthe
advantagesanddisadvantagesof theapproach,andpresentsandinterpretstheresultsof character-
izing theeightbenchmarks.
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5.1
9

General Characteristics

Eachmemoryinstructionaccessesoneor moreconsecutive locations,wherethesizeof eachlo-
cationis onebyte,e.g. the load-wordinstructionaccessesfour locations.CIAT maintainsa hash
table thathasanentry for eachaccessedlocation. Eachentryholdsthe location's statusbits and
accessinformation.Onestatusbit, thecodebit, is setwhenthelocationis accessedby aninstruc-
tion fetch.At theendof atrace,CIAT sumsthesetcodebitsto find thetouchedcodesizeandsums
theclearcodebits to find thetoucheddatasize.Thecodeanddatasizesof theeightbenchmarks
areshown in Table3. While Cholesky andSPhave about85 KB of touchedcode,theotherfour
scientifickernelshave less. However, the TPC benchmarkstouchhundredsof codekilobytesin
thetracedperiod.

Thedatasizeis oneto threeordersof magnitudelargerthanthecodesize,whereLU hasthe
smallestdatasizeandCGhasthelargest.TPC-C'sdatasizeis largerthanTPC-D'sdatasizemainly
dueto the differencesin their disk accesspatterns.SinceTPC-Cprocessesrandomtransactions
thatgenerateshortrandom-accessdiskreadsandwrites,TPC-Cusesalargediskcachein memory
to improve disk accesstime. However, TPC-D queriesgeneratelong sequentialdisk readswith
little datareuse,consequentlyit usesa limited numberof memorybuffersto temporarilyholdand
processreaddisk chunks.

Table3 alsoshowsfive aggregatecharacteristicsof theparallelphase:thenumberof executed
instructions,percentageof memoryinstructions,averageinstructionsexecutedper takenbranch,
the numberof barriers,andthe numberof locks. CG hasthe highestpercentageof memoryin-
structionsandthelargestdatasize.Consequently, it is a benchmarkthatcanpotentiallystressthe
processorcache.Thishighmemoryinstructionpercentageisdueto simplereductionoperationson
long vectors.Thesix scientificbenchmarkshave moreinstructionsbetweentakenbranchesthan
theTPCbenchmarks.Infrequentbranchingis typical of scientificapplicationsin which theappli-
cationspendsmostof its time in loopswith largeloop bodiesandonebackwardbranch.Table3
indicatesthatthescientificbenchmarksuselittle synchronization;amongthem,CGhasthefewest

Table3: Generalcharacteristicsof problemsizeII using32processors.Characteristicsof problem
sizeI is givenin parenthesisif significantlydifferent.

Radix FFT LU Cholesky CG SP TPC-C TPC-D

Codesize(KB) 9 18 13 88 23 83 820 200
Datasize(MB) 17 49 2.0 46 90 30 47 3.5

(2.9) (3.2) (0.52) (21) (9.0) (0.57)
No. of instructions 110 480 540 2,000 2,000 190,000 1,000 2,900
in (M) (22) (27) (69) (770) (130) (600)
MemoryInstructions 29% 29% 40% 26% 51% 35% 36% 48%
Instructions/ 33 16 25 24 21 68 10 10
takenbranches (15) (16) (24) (24) (21) (70)
No. of barriers 11 7 67 4 1185 1600 0 0

(11) (7) (35) (4) (735) (400)
No. of locks 442 32 32 72,026 0 0 :3;=<��>",2(? '.;A@���"$2)?

(442) (32) (32) (54,419) (0) (0)
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Table4: Disk I/O in TPC-CandTPC-D.
TPC-C TPC-D

No. of disk readcalls 18,000 2,800
Averagereadchunk 1.7KB 63 KB
No. of diskwrite calls 4,000 81
Averagewrite chunk 1.5KB 33 B
Disk I/O bytesperinstruction 0.037 0.061
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Figure2: Percentageof thememoryinstructionsaccordingto theinstructiontype (loador store)
andtypeof dataaccessed(byte,half-word,word,float,or double).

instructionsperbarrierandCholesky hasby far the mostlocks. The TPC traceshave relatively
many synchronizationevents,mainly load-and-clear-word instructionsandsemop systemcalls.
However, thetracecollectionperturbsexecutionandthetraceshave synchronizationrateshigher
thanunperturbedexecution. In orderto minimizetheeffect of this behavior on our analysis,we
ignoreall accessesto synchronizationvariableswhencharacterizingcommunicationandsharing.

Table 4 shows somestatisticsfor the disk I/O activity in the TPC traces. TPC-C accesses
relatively little dataper disk readandwrite access;mostTPC-D disk accessesare64 KB reads.
AlthoughTPC-Dhasmoredisk I/O bytesper instruction,its disk accessesarepredictablewhich
enableshiding their latency by prefetching.

Figure2 shows thepercentageof thebyte,half-word(2 bytes),word (4 bytes),float (single-
precisionfloating-point),anddouble(double-precisionfloating-point)loadandstoreinstructions.
While the percentageof byte andhalf-word memoryinstructionsis negligible in the scientific
benchmarks,it is 23% in TPC-Cand32% in TPC-D.CG hasthe largestpercentageof load in-
structionsdueto its reductionoperations.Theaveragefor the remainingbenchmarksis about2
loadsperstore,i.e. typically two operandsto oneresult.

Exceptfor Radix,anintegerkernel,morethan58%of thememoryinstructionsin thescientific
benchmarksmanipulatedoublevaluesandalmostall therestmanipulateword objects.Cholesky
usesa largepercentageof load-wordinstructionsto find theindicesof thesparsematrixnon-zero
elements.

Whentheproblemis scaledup,someinstructionsequencesareexecutedmoretimes,e.g. the
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of someloops,while otherinstructionsequencesarenot affected. Consequently, thereare
somedifferencesin the percentageof memoryinstructionsbetweensize I and II. Oneobvious
changeis the lower percentageof store-wordinstructionsin sizeII. Store-wordinstructionsare
oftenassociatedwith instructionsequencesthatareexecuteda fixednumberof times,e.g. saving
thepreviousstateata procedureentryfor aprocedurethatis calleda fixednumberof times.

5.2 Working Sets

Thesizeof anapplication's working setis sometimescharacterizedby conductingmultiple sim-
ulation experimentsusinga fully-associative cachewith LRU replacementpolicy [15, 7]. Each
experimentusesonecachesizeandmeasuresthecachemissratio. A graphof thecachemissratio
versuscachesizeis usedto deducetheworking setsizesfrom thegraphknees.A kneeat cache
size C indicatesthatthereis a workingsetof size DEC . This is a time consumingproceduresince
it is expensive to simulatea fully-associativecachewith LRU replacement.Additionally, thispro-
ceduredoesnot differentiatebetweencoherenceandcapacitymisses,andmayover-estimatethe
working setsizewhenusingcachelinesthatarelarger thanthesizeof the individually accessed
dataelements.

CIAT characterizesthe inherentworking setsof an applicationin oneexperimentusingthe
accessageof the loadandstoreaccesses.Theaccessageof an instructionaccessinglocation F
is the total sizeof thedistinct locationsaccessedbetweenthis accessandthe previousaccessofF , inclusively. By definition,theaccessageis setto G for thefirst accessof F . For example,the
sequenceof wordaccesses(A, B, C, A, A, B, B) hasaccessages( GH/IGH/4GH/,",&+/105/,"$&./10 ).

The accessagepredictsthe performanceof a fully-associative cachewith LRU replacement
policy anda line sizethatequalsthesizeof thesmallestaccessedelement.For an J -bytecache,
every accesswith age DKJ is a hit, every accesswith age  LG generatesa compulsorymiss,and
everyaccesswith age MNJ generatesa capacitymiss.

To find theaccessage,CIAT usesacounterfor theaccessedbytes.For eachaccess,thecounter
is incrementedby the numberof accessedbytesandthe incrementedvalueis storedin the hash
tableentrycorrespondingto theaccessedlocation.Whenalocationis reaccessed,theaccessreach
is foundasthecurrentcountervalue( O ) minusthestoredvalue(P ) at thelocation'shashtableentry.
Theaccessageis thencalculatedastheaccessreachminusthenumberof repeatedbyteswithin
this reach.Thenumberof repeatedbyteswithin reachQ is storedin elementQ of thevectorRep,
therefore

Age  SRTO�U�P5VWU Rep XYO�UZP3[T;
Rep is maintainedasfollows: For eachaccessto a previously accessedlocation,its size \ is

addedto the RTO]U�P5V th elementof vector New. ThenRep is updatedby accumulatingthe new
repeatedbytesandagingpreviousrepetitions(a shift by \ ) asshown in thetwo loopsbelow. The
first loopaccumulatesnew repetitions(afterinitializing sumto zero),andthesecondloopshiftsby\ .

sum ^_ New XYQ+[T/
Rep XYQ.[ ^_ sum/
New X`Q.[  2

a bc
bdfe Q�g3\3/�\h^i"(/,;,;,;,/�O1;

Rep XYQ.[j Rep X`QkUl\,[nm e Q�g3Oo/�OpUi")/$;,;,;,/�\3/
Rep XYQ.[j 2 m e Q�g3\qUi")/�\qU�&./,;$;,;,/,"(;
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Figure3: An exampleillustrating how the repeatedbytesvectorsRep andNew areupdatedto
find theaccessagesof thesequenceof wordaccesses(A, B, C, A, A, B, B). Eachrow shows the
contentsvectorelements0�/��./$",&./$;,;,; .

Although, in this basicalgorithm,vector New seemsredundantbecauseit carriesonly one
value betweentwo updates,it is useful in the optimizedalgorithm describedbelow. Figure 3
shows how the two vectorsareupdatedto find theaccessagesof thesequenceof word accesses
(A, B, C, A, A, B, B).

While shiftingby incrementingapointercanbeinexpensive,accumulatingthenew repetitions
takes��R�O�V operationsperaccess.Consequently, theoverheadof maintainingtherepetitionvectors
is ��R����,V complexity. We usetwo optimizationsto reducethis overhead:(i) Coarserepetition
vectorsare usedwherea vector elementrepresentsa region of � reachesand the vectorsare
updatedeachtime � additionalbyteshave beenaccessed.Thus, the complexity is reducedto��R��-���(�*�IV at theexpenseof ��� confidencein theaccessage. (ii) To exploit temporallocality,
CIAT updatesthe repetitionvectorsin a lazy fashion. Although,agingthe repetitionvectorsis
performedby incrementingapointerafterevery � bytesof access,accumulationof New into Rep
is only donewhenneededandonly up to the neededelement.For example,whenanalyzingan
accessO of reachO�U�P , all unaccumulatedelementsin the repetitionvectorsbetweenelements1
and RTO+U�P5V1�(� areaccumulated.This lazyalgorithmeliminatesmostof theaccumulations,e.g.for
Radix,thelazyalgorithmdoesonly 5%of theaccumulationsdonewith optimization(i) only. With
thesetwo optimizations,theoverheadof characterizingtheworking setsis about30%of CIAT's
totalanalysistime.

Figure 4 shows the cumulative distribution function of the accessageusing 32 processors,
ignoring infinite ages.The left graphis for problemsizeI andtheright is for problemsizeII. A
point RTF�/��5V indicatesthat � % of theaccesseshave accessage DNF bytes.

Whena curve hasa distinguishablerise to a plateau,this is an indicationthat the respective
benchmarkhasanimportantworkingsetof size D the F valueat thebeginningof theplateau.CG
hasoneimportantworkingsetof size D 64KB for problemsizeI, and D 512KB for problemsize
II. CGis expectedto havefrequentcapacitymisseswhenthecachesizeis smallerthanits working
setsize.Unlike otherscientificbenchmarks,theworkingsetsizeof LU andCholesky, at4 KB and
16KB respectively, doesnotchangefrom oneproblemsizeto another.

Someapplicationshave multiple importantworking sets. FFT with problemsizeII hastwo
importantworkingsets;oneat32KB andanotherat4 MB. Figure4 indicatesthatTPC-Dhasbetter
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Figure4: Thecumulative distribution functionof theaccessage.A point RTF�/��5V indicatesthat � %
of theaccesseshave accessageof F bytesor less.

temporallocality thanTPC-CandTPC-Cperformancecouldbeimprovedby increasingthecache
sizebeyond64KB. Sincetheaccessageshown is only for oneprocess,TPC-D'sperformancemay
alsobeimprovedby largercachesbecausetheoperatingsysteminterleavesmultipleprocessesper
processor.

5.3 Concurrency

Concurrency is oftencharacterizedby measuringtheexecutiontimefor anumberof machinesizes
andcalculatingthe speedup.Goodspeedupindicatesthat the applicationhashigh concurrency.
CIAT characterizesconcurrency by measuringthetime, in instructions,thatprocessorsspendex-
ecutinginstructionsor waiting at synchronizationpoints.Figure5 showsa 2-processorexecution
profile of an applicationrunningon a perfectsystem(with fixed memoryaccesstime andzero
synchronizationoverhead).Theconcurrency is reflectedin thebusytime relative to thetotal time
of bothprocessors.

Figure5 demonstratesthreegeneralfactorsthatadverselyaffect concurrency: serial fraction,
load imbalance, andresource contention. At the applicationstart(T0), Processor0 is busy in a
serialphaseandProcessor1 is idle. At T1, the applicationentersa parallelphaseby spawning
anexecutionthreadon Processor1. Processor1 joins at theendof theparallelphase(T9) where
Processor0 startsafinal serialphase.Theparallelphasehassomeloadimbalancewhichis visible
asProcessor0's wait on thesynchronizationbarrierat T2 andits join wait at T8. Thefirst wait
time is dueto Processor1 having morebusycycles(work) thanProcessor0 andthesecondwait
time is dueto Processor0 reachingthe join point earlier thanProcessor1. Processor1 fails to
acquirea lock thatprotectsa sharedresourceatT5, soit waitsuntil Processor0 releasesthis lock
atT6 beforeit entersthecritical regionbetweenT6 andT7 andaccessesthesharedresource.

Basedon thismodel,thespeedupof anapplicationcanbefoundby

Speedup BusyRo"7V�
BusyR|��VW^ Idle R|��VW^ ImbalanceR|��VW^ ContentionR���Vo�3���

where � is the numberof processors,BusyRo"7V is the busy time for the basicwork whenusing
oneprocessor, BusyR���V is thetotal busytime summedover the � processors(BusyR|��V�U BusyR1"8V
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Figure6: Concurrency andloadbalancein theparallelphase.

is the paralleloverheadbusy work including redundantandaddedcomputations),Idle R���V is the
total idle time duringserialphases,ImbalanceR���V is thetotal wait time on barriersandjoins, and
ContentionR���V is the total wait time on locks. Amdahl's serial fraction [16], ignoring the three
paralleloverheads,is

SerialFraction  Idle R|��V1�xR���Ui"7V
BusyR1"8V

Perfectspeedupis only possiblewhentheserialfraction,paralleloverheadbusywork, imbalance,
andcontentionarezero.

For thescientificbenchmarks,Figure6 shows thetotalprocessortimespentexecutinginstruc-
tions, waiting on barriersand threadjoins due to load imbalance,andwaiting on locks due to
resourcecontention(normalizedto theone-processortime). Idle time is zerobecausethis datais
basedon theparallelphaseonly.

Perfectspeedupwithin the parallelphaseoccurswhenthe total busy andwait time doesnot
increaseasthe processorsincrease.LU andCholesky arethusexpectedto have worsespeedup
than the other four benchmarks,sinceLU's load imbalanceandCholesky's busy time increase
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asthe numberof processorsincreases.For problemsizeI, Radix alsohasa badspeedupdueto
increasesin busytime,loadimbalance,andcontentionasthenumberof processorsincreases.

AlthoughCholesky hasthemostlock attempts,it hasnegligible contentiontime,unlikeRadix,
dueto its relatively small critical regions. In Cholesky, a processorattemptingto acquirea lock
usually finds it free. However, CIAT doesnot model the overheadin acquiringand releasing
locks. In a machinewith high synchronizationoverheads,thecontentiontime canbecomemore
significantthanreportedby CIAT.

5.4 Communication Patterns

In configurationdependentanalysis,communicationis characterizedfrom the traffic that a pro-
cessorgeneratesto accessdatathatis not allocatedin its local memory[17]. This traffic includes
traffic dueto inherentcoherencecommunication,cold-startmisses,finite cachecapacity, limited
cacheassociativity, andfalsesharing.Inherentcommunicationis thecommunicationthatmustoc-
cur in orderto getthecurrentdataof a locationthatis accessedby multiple processors,assuming
unlimitedreplicationis allowedandthata memorylocation's statusis not affectedby accessesto
otherlocations.

CIAT characterizesthe inherentcommunicationby tracking, for eachmemorylocation, the
typeandtheprocessorID of thelastaccess.Whenthereareconsecutive loadaccessesby multiple
readers,their IDs arestoredin a sharingvector. CIAT thencapturestheinherentcommunication
for asharedlocationfrom changesin theaccessingprocessor'sID. CIAT classifiescommunication
into four main patternsand8 variantsto provide a thoroughcharacterization.CIAT reportsthe
volumesof thefollowing communicationpatterns,andthesharingandinvalidationdegrees:

1. Read-after-write (RAW) accessoccurswhenoneor moreprocessorsload from a memory
locationthat wasstoredinto by a processor. This patterndoesnot includethe casewhere
only oneprocessorstoresinto andloadsfrom amemorylocation.Moreover, whenaproces-
sorperformsmultiple loadsfrom thesamememorylocation,only its first loadis counteda
RAW access.RAW is acommoncommunicationpattern;it is thesecondpartof aproducer-
consumer(s)situationwhereoneprocessorproducesdataandoneor moreprocessorscon-
sumesit. RAW is reportedin two variants:(i) RAW accesseswherethe readeris different
thanthewriter, and(ii) RAW accesseswherethereaderis thesameasthewriter andthere
areotherreaders.Thesecondvariantgeneratescoherencetraffic with cachesthatinvalidate
thedirty line onsupply.

2. Sharingdegree for RAW. This is a vectorS, whereS[ Q ] is thenumberof timesthat Q pro-
cessorsloadedfrom amemorylocationafterthestoreinto this location.

3. Write-after-read(WAR) accessoccurswhena processorstoresinto a memorylocationthat
oneor moreprocessorshave loaded.This patterndoesnot includethecasewhereonly one
processorloadsfrom andstoresinto a memorylocation. WAR is alsoa commonpattern;
it occurswhena processorupdatesa locationthat wasloadedby otherprocessors.WAR
is reportedin four variantsaccordingto the identity of the writer: (i) a new writer that is
not one of the readers,(ii) samewriter as previous writer that is not one of the readers,
(iii) a new writer that is one of the readers,and (iv) samewriter as previous writer that
is oneof the readers.A WAR accessgeneratesa misswhenthe accessedlocation is not
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cached.Additionally, with anupdatecachecoherenceprotocol,it generatescoherencetraffic
to updatethecopiesin thereaders'caches,while with an invalidationprotocolit generates
invalidationtraffic.

4. Invalidationdegree for WAR. This is a vector I, whereI[ Q ] is the numberof timesthat a
memorylocationwasstoredinto afterpreviouslybeingloadedby Q processors.

5. Write-after-write (WAW) accessoccurswhen a processorstoresinto a memory location
that wasstoredinto by anotherprocessor. This patternoccurswhenmultiple processors
storewithout interveningloads,or whenprocessorstaketurnsaccessinga memorylocation
wherein eachturn a processorstoresand loads,and its first accessis a store. WAW is
reportedin two variants: (i) the previous processor's last accesswasa load, and (ii) the
previousprocessor's lastaccesswasa store.

6. Read-after-read(RAR) accessoccurswhena processorloadsfrom a memorylocationthat
wasloadedby anotherprocessorandthefirst visibleaccessto this locationis a load.This is
anuncommonpattern;it occursin badprogramsthat readuninitializeddata.Nevertheless,
CIAT sometimesencountersthispatternwhenthedatais initializedin untracedroutines.For
simplicity, theseaccessescouldbeaddedto theRAW accesses.

Whenusinga particularcoherenceprotocol in configurationdependentanalysis,not all the
aboveaccesspatternsgeneratecoherencetraffic. Consider, for example,store-updatecachecoher-
enceprotocol.In iterativeWAR andRAW, aRAW accessis satisfiedfrom theupdatedlocalcache.
However, with a store-invalidateprotocol,a RAW accessgeneratescoherencetraffic to get the
datafrom theproducer'scache.Additionally, sequentiallocality hidessomeof thecommunication
eventssinceeachmissoperateson acacheline thatoftencontainsmultiplesharedelements.

Configurationdependentanalysis,whenusedtocharacterizeinherentcommunication,canmiss
somecommunicationevents. For example,with finite write-backcache,a RAW accessof a re-
placedline doesnotgeneratecoherencetraffic sincethemissis satisfiedfrom memory. However,
this accessmay generatecoherencetraffic with a larger cacheis which the line is not replaced.
Anotherexampleis a RAW accessperformedby thewriter. Whenthestoreis followedby a load
from a differentprocessor, thedirty cacheusuallysuppliesthedataandkeepsa sharedcopy, thus
a RAW accessby the writer is satisfiedfrom the local cache.However, theRAW doesgenerate
coherencetraffic if thecacheprotocolinvalidatesonsupply.

Figure7 shows the distribution of the four classesof communicationaccesses.Most of the
communicationin thesebenchmarksis RAW and WAR. Only Radix hasa significantnumber
of WAW accessesdueto permutingthe sortedkeys betweentwo arrays. TPC-Calsohassome
RAR and WAW accesseswhich may actually becomeRAW and WAR accessesif the traceis
longerandincludestheoperatingsystemactivity. However, generallytheTPCbenchmarkshave
lesscommunicationandareexpectedto have a lower coherencemissratio, especiallywhenwe
considerthatin practicemultipleprocessesrunon oneprocessor.

Thecommunicationpercentagegenerallyincreasesasthenumberof processorsincreasesdue
to (i) the increasein RAW accessesof widely shareddata,and(ii) the increasein the boundary
to thebodyof datawhenpartitionedamongmoreprocessors.Often,mostof thecommunication
occurswhenaccessingtheboundaryelements.For FFT with problemsizeI, thecommunication
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Figure8: RAW sharingdegreefor 32processors.

percentagedropswhenthenumberof processorsincreasesfrom 16 to 32 becausetheincreasein
totalaccessesis largerthantheincreasein communicationevents.

Figure8 shows the distribution of the 32 possiblesharingdegreesfor RAW accesseswhen
using 32 processors( R S XYQ.[�� ",2(2¡�W¢ 6o�£¥¤5¦ S XYO�[§V�m�Q! ")/$;,;,;,/�@(& ). TPC-C has45 possiblesharing
degreesandTPC-D has23, only the first 32 areshown due to graphinglimitations. However,
TPC-Chasnegligible sharingwith degreeshigher than32. Radix, FFT, SP, TPC-C,andTPC-
D have small sharingdegree,LU andCholesky have mediumsharingdegree,andCG haslarge
sharingdegreewhich explains its fast increasein communicationpercentageas the numberof
processorsincreases.

Figure9 showsthepercentageof the32possibleinvalidationdegreesof theWAR accesswhen
using32 processors( R I XYQ.[���"$2)23�W¢ 6o�£¥¤5¦ I XYO§[�V�m�Q¨ ©")/$;,;,;4/�@)& ). TPC-Chas45 possibleinvalidation
degreesandTPC-Dhasonly 23. While Radix,FFT, CG,SP, TPC-C,andTPC-Dhave invalidation
degreesimilarto theirsharingdegree,LU andCholesky WAR invalidationdegreedropsto 2 and1,
respectively. CG's largeinvalidationdegreeimpliesthatfor eachWAR access,a cachecoherence
protocolwill generatemany updateor invalidatesignals.TheTPCbenchmarks'singularsharing
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Figure9: WAR invalidationdegreefor 32 processors.

andinvalidationdegreesindicatesthatmostof thecommunicationoccursin a producer-consumer
pattern. However, in TPC-Cthe consumergenerallyupdatesthe communicatedvalue,while in
TPC-Donly oneproducergenerallyupdateseachlocation.

5.5 Communication Variation Over Time

TDAT is usedto analyzeCIAT'scommunicationeventtracewhichhasonerecordpercommunica-
tion event. Eachrecordspecifiestheevent's typeandtime (in instructions).Thetime distribution
analysisis summarizedasfollows:

1. CIAT is usedto analyzethebenchmarksandto generatethecommunicationeventtrace.

2. Theexecutionperiodis dividedinto 1000-instructionintervals.

3. Thenumberof communicationeventsin eachinterval is counted.

4. The communicationrate in eachinterval is calculatedas the numberof communication
eventsdividedby theproductof theinterval sizeandthenumberof processors.

5. Theaverage,minimum,andmaximumcommunicationratesoverall intervalsarecalculated.

6. Thecommunicationratedensityfunctionis calculated,not includingrate=0.Theratezero
is excludedto minimizetheeffectof theserialinitialization phasewhich doesnot have any
communication.

7. Thedensityfunctionis integratedto find thedistributionfunction.

Figure10 shows thenumberof communicationeventsover time for 32 processorsandsizeI.
Thegraphsdo not show theinitial executionperiodsthathave no communication.LU, Cholesky,
andCG have a highburstof communicationat theparallelphasestartwhenprocessors1 through
31 start to accessthe shareddatainitialized by Processor0. Radix hastwo phasesof commu-
nication to build the global histogramand to permutethe keys betweenthe two arrays. FFT's
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Figure10: Numberof communicationeventsover time(32processors,problemsizeI).

communicationoccursin threephaseswhenmatrix transpositionis performed.LU's communica-
tion is relatively lessintensethanthe otherbenchmarksandis periodicwith a decreasingcycle.
Cholesky's communicationis not uniform. CG andSPhave periodiccommunicationwith fixed
cycle. CG hasa simpleperiodicbehavior with a cycle about20,000instructions;SPhasa more
complex behavior with a cycleof about200,000.

Figure 11 shows the distribution function for 32 processorsand problemsize I. While all
Radix's communicationoccurswith a communicationrate ª 0.1 events/instruction,only 0.09of
FFT's communicationoccursat a rate ª 0.1 events/instruction.CG alsohassomehigh commu-
nicationratessuggestingthat thesetwo applicationsmaysuffer mostfrom contentionin systems
with limited communicationbandwidth.

5.6 Communication Slack

CIAT measuresthe communicationslack as the time in instructionsbetweengeneratinga new
valueandreferencingit by a RAW or a WAW access.Figure12 is basedon thecommunication
slackhistogramreportedby CIAT for thescientificbenchmarkswhenusing32 processors.The
figure shows the percentageof the communicationeventsbinnedin eight slackranges,e.g. for
problemsize II, more than 90% of SP's communicationhasslack in the rangeof millions of
instructions. For all the benchmarks,most of the communicationhasa slack of thousandsof
instructionsor more.However, CG'smorefrequentuseof barriersis reflectedin its smallestslack.
Nevertheless,thesix benchmarkseachhave largeenoughslackto makeprefetchingrewarding.
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Figure11: Communicationrate(32processors,problemsizeI).
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Figure12: Communicationslackdistributionfor 32 processors.

5.7 Communication Locality

CIAT characterizesthecommunicationlocality by reportingthenumberof communicationevents
for processorpairs. CIAT reportsthis information in the matrix COMM MAT. The element
COMM MAT[ O ][ P ] is thenumberof communicationeventsfrom ProcessorO to ProcessorP which
is incrementedby onein thefollowing cases:

1. For eachProcessorP 'sRAW accessto a locationstoredinto by ProcessorO .
2. For eachProcessorP 'sWAW accessof locationspreviouslystoredinto by ProcessorO .
3. For eachProcessorP invalidationby aWAR accessof ProcessorO .
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Figure13: Numberof communicationeventsperprocessorpair (32processors,problemsizeI).

Figures13 and 14 show thereportedcommunicationmatrix using32 processorsfor problem
sizeI andII, respectively. Theeightbenchmarkshave clearlydifferentcommunicationlocalities.

In additionto Radix's uniform communicationcomponent,processorshave additionalcom-
municationwith their neighbors.This additionalcommunicationdependson theprocessorID. A
processorwith anevenID O communicatesto ProcessorO�^_" ; however, a processorwith anodd
ID communicatesto threeor moreprocessors.Themiddleprocessor, Processor15,communicates
to 20processors.

In FFT, Processor0 communicatesa constantnumberof valuesto every otherprocessor, oth-
erwisethe processorscommunicatein a uniform pattern. In LU, the communicationis mainly
clusteredwithin groupsof 8, with somefar communication:ProcessorO communicatesto each
processorP whereP� jO��_�(Q for someinteger Q . Moreover, Processor0 communicatesto and
from all otherprocessors.

In Cholesky, Processor0 communicatesto all otherprocessors,otherwisetheprocessorscom-
municatein a non-uniformpattern.While CG's communicationis relatively uniform, SP's com-
municationis clustered:ProcessorO communicatesfrom eachprocessorP whereP� ¬O��­03Q for
someinteger Q , andfrom the ® th groupof 8 processors,where®j HO1R mod 0.V .

In TPC-C,thereis somecommunicationamongthefirst 16processes(onprocessors0 through
15). Apparantly, eachis resposiblefor oneuser. Additionally, eachof theseprocessesproduces
morethan100,000elementsfor theprocessonProcessor42which in turnproducessomedatafor
thefirst 16 processesandmorethan150,000elementsfor theprocessonProcessor41.

In TPC-D, mostof the communicationis from the first 8 processesthat do disk readsand
preprocessingto thesecond8 processes.This indicatesthatparallelismis exploitedfunctionally
amongtwo 8-processgroupsandspatiallyby partitioningthedatainto 8 parts.
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Figure14: Numberof communicationeventsperprocessorpair (32processors,problemsizeII).

5.8 Sharing Behavior

Thedatapresentedin this sectionis basedon analyzingthecodeanddataaccessesof thewhole
execution,including the serialphase.Figure15 shows the sizeof referencedmemorylocations
classifiedin threeclasses:codelocations,privatedatalocations,andshareddatalocations. As
the sizeof the codelocationsis muchsmallerthanthe sizeof the datalocations,the codesize
is not visible in thechart. Generally, morelocationsbecomesharedasthenumberof processors
increases.All thescientificbenchmarksshow this trend.For problemsizeII, using32processors,
morethan93%of Radix,SP, FFT, andLU datalocationsareshared.TPC-C's sharedpercentage
is 15%andTPC-D's is 12%. Furthermore,eachadditionalthreadmayrequiresomenew private
memorylocations,causingan increasein the size of privatememoryand hencethe total data
memory. This trendis particularlyvisible in Cholesky, andsomewhatin Radix.

Figure16 shows thenumberof privateandshareddataaccessesnormalizedto thenumberof
dataaccessesusingoneprocessor. In CG, Cholesky, TPC-C,andTPC-D, sharedlocationsare
moreintenselyaccessedthanprivatelocations.For example,using32processorsto solveproblem
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Figure16: Numberof privateandshareddataaccessesnormalizedto thenumberof dataaccesses
usingoneprocessor.

size II, 10% of CG's datalocationsaresharedand thesearereferencedby 25% of all the data
accesses.However, in Radix,SP, FFT, andLU, sharedlocationsarelessintenselyaccessed.For
example,using32 processorsto solve Radix's problemsize II, only 17% of all accessesareto
sharedlocations.Thescientificbenchmarksshow someincreasein the total numberof accesses
dueto the increasein the privateaccessesasthe numberof processorsincreases.However, the
largeincreasein thetotalnumberof accessesin Cholesky is dueto theincreasein bothprivateand
sharedaccesses.

6 Related Work

Availableparallelperformanceanalysistoolshave mainlybeendevelopedfor analyzingmessage-
passingapplications,e.g.Pablo [18], Medea[19], andParadyn[20]. Nevertheless,thereis some
work thatfocusesoncharacterizingshared-memoryapplications.Singhet al. demonstratedthatit
is oftendifficult to modelthecommunicationof parallelalgorithmsanalytically[17]. They sug-
gesteddevelopinggeneral-purposesimulationtoolsto obtainempiricalinformationfor supporting
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the
¯

designof parallelalgorithms.
Thereareseveralstudiesthatcombinesource-codeanalysiswith configurationdependentanal-

ysisto characterizeshared-memoryapplications[21, 15,7]. Wooet al. have characterizedseveral
aspectsof the SPLASH-2suiteof parallelapplications[7]. Their characterizationincludesload
balance,workingsets,communicationto computationratio,systemtraffic, andsharing.They used
execution-driven simulationwith the TangoLite [22] tracing tool. In order to capturesomeof
thefundamentalpropertiesof SPLASH-2,they adjustedmodelparametersbetweenlow andhigh
values.

Chandraet al. alsousedsimulationto characterizethe performanceof a collectionof appli-
cations[23]. Their mainobjective wasto analyzewheretime is spentin message-passingversus
shared-memoryprograms.PerlandSites[24] havestudiedsomeWindowsNT applicationsonAl-
phaPCs. Their studyincludesanalyzingtheapplicationbandwidthrequirements,characterizing
thememoryaccesspatterns,andanalyzingapplicationsensitivity to cachesize. To get insight in
designinginterconnectionnetworks,Chodnekaret al. analyzedthe time distribution andlocality
of communicationeventsin somemessage-passingandshared-memoryapplications[25].

LeuteneggerandDias[26] analyzedtheTPC-Cdisk accessesto modelits disk accesspatterns
andshowed that TPC-Ccanachieve closeto linear speedupin a distributedsystemwhensome
read-onlydatais replicated.

7 Conclusions

Splittingtheapplicationanalysisinto configurationindependentandconfigurationdependentanal-
ysisprovidesa cleanandefficient characterizationof applicationperformance.Configurationin-
dependentanalysisgivesa basicunderstandingof theinherentpropertiesof anapplication,while
configurationdependentanalysisenablesa designerto evaluatetheapplicationperformanceon a
particularsystemdesign.

In this paper, we have demonstratedthat configurationindependentanalysisis a viable ap-
proachto characterizingshared-memoryapplications.CIAT, our configuration-independenttool,
efficiently characterizesseveral importantaspectsof shared-memoryapplications.CIAT canbe
usedto mechanicallycharacterizea widerangeof shared-memoryapplications.

CIAT characterizationof concurrency is informative sinceit specifiesthe application's serial
fraction,paralleloverheadbusywork, loadbalance,andresourcecontention.Usinganalgorithm
basedon finding theageof thememoryaccesses,CIAT characterizestheworking setsof anap-
plicationby doingonly oneexperimentandis notconfusedby coherencemisses.CIAT alsochar-
acterizesthe inherentcommunicationwhich is not affectedby capacity, conflict, or false-sharing
misses.It reportsthevolumeof thefour typesof communicationpatternsandtheir variants.Ad-
ditionally, CIAT characterizesthecommunicationvariationover time, aswell ascommunication
slackandlocality.

We have demonstratedour analysisapproachby analyzingeightbenchmarksusingtwo prob-
lem sizesanda varyingnumberof processors.This studyshows thepower of this approachand
theinsightsthatcanbegainedfrom a configurationindependentanalysisof targetedbenchmarks.
Theresultsarein a form thatcanreadilybeexploitedby applicationandsystemdesigners.

24



Acknowledgments

This researchwasinitiated in 1996while GheithAbandahwasa researchintern at HP Labsin
Palo Alto, California. We would like to thank all the peopleAbandahworkedwith there. In
particular, Rajiv GuptaandJosepFerrandizfor their guidance,Tom Rokicki for his assistancein
implementingsomeof thetools,Lucy Cherkasova for herconstructivediscussionsandcomments,
andMilon Mackey for providing theTPCtrace.

We would like to thankIsom Crawford andHerb Rothmundof the HP Convex Technology
Centerfor providing theConvex ExemplarNPBimplementation.

References

[1] P. J.Denning,“Workingsetmodelfor programbehavior,” Commun.ACM, vol. 11,no.6, pp.323–333,
1968.

[2] M. Wolfe, High PerformanceCompilersfor Parallel Computing. Addison-Wesley, 1996.

[3] G. Abandah,“Toolsfor characterizingdistributedsharedmemoryapplications,” Tech.Rep.HPL–96–
157,HPLaboratories,Dec.1996.

[4] Hewlett-Packard,PA-RISC1.1ArchitectureandInstructionSet, third ed.,Feb. 1994.

[5] D. F. ZuckerandA. H. Karp, “RYO: a versatileinstructioninstrumentationtool for PA–RISC,” Tech-
nicalReportCSL–TR–95–658,StanfordUniversity, Jan.1995.

[6] S. FortuneandJ. Wyllie, “Parallelismin randomaccessmachines,” in Proc. TenthACM Symposium
onTheoryof Computing, pp.114–118,1978.

[7] S.Woo,M. Ohara,E.Torrie,J.Singh,andA. Gupta,“The SPLASH-2programs:Characterizationand
methodologyconsiderations,” in Proc.of the22ndISCA, pp.24–36,1995.

[8] D. Bailey et al., “The NAS parallelbenchmarks,” TechnicalReportRNR-94-07,NASA AmesRe-
searchCenter, Mar. 1994.

[9] TransactionProcessingPerformanceCouncil,TPCBenchmarkC, Standard Specification, Aug. 1992.

[10] TransactionProcessingPerformanceCouncil,TPCBenchmarkD, DecisionSupport,Standard Speci-
fication, May 1995.

[11] G. Abandah,“Characterizingshared-memoryapplications:A casestudyof the NAS parallelbench-
marks,” Tech.Rep.HPL–97–24,HP Laboratories,Jan.1997.

[12] “TransactionProcessingPerformanceCouncilHomePage.” http://www.tpc.org/.

[13] T. Brewer, “A highly scalablesystemutilizing up to 128 PA-RISC processors,” in Digestof papers,
COMPCON'95, pp.133–140,Mar. 1995.

[14] S.SainiandD. H. Bailey, “NAS parallelbenchmarkresults12–95,” Tech.Rep.NAS–95–021,NASA
AmesResearchCenter, Dec.1995.

[15] E. Rothberg,J.Singh,andA. Gupta,“Workingsets,cachesizes,andnodegranularityissuesfor large-
scalemultiprocessors,” in Proc.of the20thISCA, pp.14–25,1993.

25



[16] G. M. Amdahl,“Validity of single-processorapproachto achieving large-scalecomputingcapability,”
in Proc.AFIPSConf., (Reston,VA.), pp.483–485,1967.

[17] J. Singh, E. Rothberg, andA. Gupta,“Modeling communicationin parallelalgorithms: A fruitful
interactionbetweentheoryandsystems?,” in Proc. Symp.on Parallel Algorithmsand Architectures,
pp.189–199,1994.

[18] D. A. Reed,R. A. Aydt, R. J. Noe, P. C. Roth, K. A. Shields,B. W. Schwartz,andL. F. Tavera,
“ScalablePerformanceAnalysis: The PabloPerformanceAnalysisEnvironment,” in Proc. Scalable
Parallel LibrariesConf., pp.104–113,1993.

[19] M. Calzarossa,L. Massari,A. Merlo, M. Pantano,and T. Daniele,“Medea: A tool for workload
characterizationof parallelsystems,” IEEE Parallel and DistributedTechnology, vol. 3, pp. 72–80,
Winter1995.

[20] B. Miller, M. Callaghan,J. Cargille, J. Hollingsworth, R. Irvin, K. Karavanic, K. Kunchithapadam,
andT. Newhall, “The Paradynparallelperformancemeasurementtool,” Computer, vol. 28,pp.37–46,
Nov. 1995.

[21] J. Singh,W.-D. Weber, andA. Gupta,“SPLASH: Stanfordparallelapplicationsfor sharedmemory,”
ComputerArchitectureNews, vol. 20,pp.5–44,Mar. 1992.

[22] S.GoldschmidtandJ.Hennessy, “The accuracy of trace-drivensimulationsof multiprocessors,” Tech.
Rep.CSL-TR-92-546,StanfordUniversity, Sept.1992.

[23] S.Chandra,J.R. Larus,andA. Rogers,“Whereis timespentin message-passingandshared-memory
programs,” in Proceedingsof the Sixth InternationalConferenceon Architectural Supportfor Pro-
grammingLanguagesandOperatingSystems, pp.61–73,1994.

[24] S.E. PerlandR. L. Sites,“Studiesof WindowsNT performanceusingdynamicexecutiontraces,” in
2ndSymposiumonOperatingSystemsDesignandImplementation(OSDI'96), October28–31,1996.
Seattle,WA (USENIX, ed.),pp.169–183,1996.

[25] S.Chodnekar, V. Srinivasan,A. Vaidya,A. Sivasubramaniam,andC. Das,“Towardsacommunication
characterizationmethodologyfor parallelapplications,” in Proc.of HPCA-3, pp.310–319,1997.

[26] S.LeuteneggerandD. Dias,“A modelingstudyof theTPC-Cbenchmark,” in Proc.of ACMSIGMOD,
pp.22–31,1993.

26


