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Abstract

Characterizingshared-memonrgpplicationsprovidesinsight to designefficient systems,
andprovidesawarenesso identify andcorrectapplicationperformanceéottlenecks.Config-
urationdependenanalysisis oftenusedto simulatedetailedapplicationtraceson a particular
hardwaremodel. The communicatioriraffic andcomputationworkloadgeneratedy the ap-
plicationtraceis usedasa characterizatiomf this application. This paperdemonstratethat
configurationindependentinalysisis a usefultool to characterizeshared-memonapplica-
tions. Configurationindependentinalysischaracterizesnherentapplicationcharacteristics
thatdo notchangefrom oneconfiguratiorto another While configurationdependenanalysis
is repeatedor eachtargetconfigurationconfigurationndependenénalysids only performed
once. Moreover, configurationindependenanalysisdoesnot requiredevelopingmodelsfor
thetargetconfigurationandis fasterthandetailedsimulation.However, configurationdepen-
dentanalysidirectly providesmoreinformationaboutspecificconfigurationsA combination
of the two analysistypesconstitutesa comprehensie andefficient methodologyfor charac-
terizing shared-memonrapplications.In this paper we shov how configurationindependent
analysisis usedto characterizeeight aspectof applicationbehaior: generalcharacteristics,
working sets concurreng, communicatiorpatternscommunicatiorvariationover time, com-
municationslack,communicatioriocality, andsharingbehaior. We illustratethe advantages
andlimitationsof this approactby analyzingeightcase-studypenchmark$rom the scientific
andcommerciadomainsandinterpretingtheresults.



1 Introduction

Computerarchitectancreasinglyrely on applicationcharacteristic$or insightin designingcost-
effective systems. This is true in the early designstagesas well as later stages. In the early
designstagesarchitectsfacea large and diversedesignspace. Moreover, architectsof scalable
shared-memorgystemsface more designdimensionsncluding node and systemorganization,
target communicatiodateny andbandwidth,andmemorycaching,cohereng, andconsisteng
protocols.They needto selecta designthatbestfits their objectvesfor thetargetapplications.

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

We have developeda methodologyfor characterizingshared-memorgpplicationsand eval-
uating scalableshared-memorgystemdesignalternatves. This methodologyis basedon a set
of flexible tools that enablecollectingand analyzingdata,instruction,and /O streamtracesof
sharedmemoryapplications. This tool set provides configurationdependentind configuration
independenanalysis.

Configurationdependenanalysisusesa modelof the target systemconfigurationto simulate
theapplicationtraceandpredictits performancen thetargetsystem.The configurationof a mul-
tiprocessospecifiegshewaythatprocessorareclusteredn ahierarchytheinterconnectionopol-
ogy, coherencerotocols,cacheconfigurationandothersystempropertiegshatmay changefrom
onesystemto another Configurationndependenanalysis,on the otherhand,usesconfiguration
independendnalysiof a parallelexecutiontraceto extracttheinherentapplicationcharacteristics.

While configuratiordependenanalysiss repeatedor everytargetconfigurationconfiguration
independenanalysisis only performedonceper problemsizeandnumberof processorgombi-
nation. Configurationindependenainalysisprovidesa generalunderstandingf an applications
propertiesandoftenenablesexplainingtheresultsof configurationdependenanalysis.

This paperdemonstratethat configurationndependenanalysisis a usefulapproacho char
acterizeseveralimportantaspect®f shared-memorgpplicationsit is moreefficientin character
izing certainpropertieghanconfiguratiordependenanalysisandit cancapturesomeapplication
propertieghatareeasilymissedoy configurationrdependenainalysison a fixed configuration Us-
ing both configurationdependenandindependenanalysisit is possibleto have an efficientand
comprehense methodologyfor characterizingghared-memorgpplications.

In this paperwe describehetoolsandalgorithmsusedin configurationindependenanalysis
of shared-memorgpplicationsandusethemto characterizeightbenchmarké$rom the Stanford
SPLASH-2,NAS Parallel BenchmarkgNPB), and TransactiornProcessindg?erformanceouncil
(TPC)applicationsuites.

In therestof this paper Section2 describesomeimportantshared-memorgpplicationchar
acteristicsaandwhy knowledgeof themis usefulto architectsand softwareengineers.Section3
describe®ur shared-memorgpplicationcharacterizatiompproach Sectiond describesheeight
case-studypenchmarks.Section5 containseight subsectionswhere eachsubsectiordescribes
how we usedconfigurationindependenanalysisto characterize particularaspeciof the bench-
marks,it stategshe advantagesnddisadwantage®f this approachandinterpretsheresultsof the
eightbenchmarlcharacterizationsinally, Section6 describesomerelatedwork andSection?
presentgonclusions.



2 Shared-Memory Application Characteristics
This paperaddressesightcharacteristicef shared-memorgpplications:

e Geneanl characteristicsof the application,includingdynamicinstructioncount,numberof
distincttouchednstructionsa parallelexecutionprofile (serialandparallelphases)number
of synchronizatiomarriersandlocks, /O traffic, andpercentagef memoryinstructiongby

type).

e Theworkingset[1] of anapplicationin anexecutioninterval is thenumberof distinctmem-
ory locationsaccessedh thisinterval. Theworking setoftenchange®vertime andmaybe
hierarchical e.g. multiple working setsmay be accessedteratively andcollectively consti-
tute a larger working set. The working setsizeis a measureof the applications temporal
locality, which affectsits cacheperformanceA largeworking setindicatesa low degreeof
temporallocality; whenthe working setsizeis larger thanthe cachesize, capacitymisses
occur Characterizinghe working setsof the target applicationds importantin selecting
the cachesize of a new system. This characterizations also usefulto programmersfor
example,whenthe working setsizeis larger thanthe cachesize, the programmeicanim-
prove theapplicationperformancdy reducingtheworking set,e.g. by segmentinga matrix
computatiorinto blocks[2].

e Theamountof concurencyavailablein anapplicationinfluenceshow well applicationper
formancescalesasmoreprocessorareused.An applicationwith high concurreng hasthe
potentialto efficiently utilize alargenumberof processorsSection5.3discussefactorsthat
affecttheconcurreng of shared-memorgpplications.Theamountof availableconcurrenyg
in thetargetapplicationgprovidesthe systemdesignemith insightin selectinghemachine
sizeandthe numberof processorlusteredin a node. Characterizingand reducingfac-
torsthatadwerselyaffectanapplications concurreng is valuablefor improving application
scalability

¢ Communicatiom ashared-memorgnultiprocessooccursmplicitly whenmultiple proces-
sorsaccessharednemorylocations.Communicatioroccursin severalpatternsdepending
on thetype andorderof the accesseandthe numberof processorsnvolved. One exam-
pleis the producerconsumepatternwhereone processostoresto a memorylocationand
anothethenloadsfromthislocation.Sections.4presents classificatiorof thecommunica-
tion patternsof shared-memorgpplicationsFor a systemdesignersincecoherencenisses
andtraffic area functionof the communicatiorpatternsandthe systemconfigurationchar
acterizingthe volume of the variouscommunicatiorpatternsis particularlyimportant. A
successfusystemdesignerdesignsa systemthat efficiently supportshe commoncommu-
nicationpatternsof the targetapplications. Additionally, characterizinghe communication
patternsn anapplicationenableshe programmeto avoid expensve patterns.

¢ Communicatiowvariationovertimeis asimportantascharacterizingverallcommunication
volume.Communicatiorcanbe uniform, bursty, random periodic,or exhibit othercomple
behaior. Expressinghow the applicationbehaesover time enablegdentifying and char
acterizingthe programsegmentsmostresponsibldor the applications communicationFor



a systemdesignerthe knowledgeof the distribution functionof the communicatiorratesis
importantin specifyingappropriatédoandwidthfor the systeminterconnects.

Communicatiorslack is the temporaldistancebetweenproducinga new value andrefer
encingit by otherprocessorsCharacterizinghe communicatiorslackis usefulto predict
the potentialutility of prefetching.For an applicationwith large slack, prefetchingcanbe
scheduleckarlyto reduceprocessostalls.

Communicatioriocality is a measureof the distancebetweenthe communicatingoroces-
sors. For example,someapplicationshave local communicationvherea processotends
to communicatewith its nearneighbors andothershave uniform communicatiorwherea

processocommunicatesvith all other processors.In applicationtuning, communication
locality is usefulfor assigningthreadsto physicalprocessorslin systemdesign,it is use-
ful in selectingthe systemorganizationandthe interconnectiortopology As anexample,
consideranapplicationwhereonethreadproducesharedlatathatis consumedy all other
threadsIn a systemwith mesh-stylenterconnectbetterperformanceanbeachiezedwhen
the producingthreadis run on a centrallylocatedprocessaorFor anarchitectdesigningfor

thisapplication supportinga broadcastapabilitymaybe a viabledesignchoice.

The sharing behaviorof an applicationrefersto which memorylocationsare sharedand
how. A real shaed memorylocationis alocationin the sharedspacethatis accessedby
multiple processorsluring the programexecution. A private locationis accessetby only
oneprocessor A shaedaccesds anaccesgo a real sharedocationanda private access
is anaccesdo a privatelocation. Noticethatnot all sharedaccessearecommunicatiorac-
cessesFor example,considera processoperformingmultiple loadsof onesharedocation
after a storeperformedby anotherprocessor Using perfectcachespnly thefirst loadis a
communicatiorevent that requirescoherencedraffic to copy the datafrom the producers
cacheto the local cache. The subsequenibadsare not considereccommunicationevents
becausehey aresatisfiedfrom the local cache. Characterizinghe sharingbehaior of an
applicationhelpsthe programmeto localizedata,i.e. to mapdatato memoryin away that
minimizesaccessime. For example mappingprivatedatato local memoryreduceghe pri-
vateaccesgime,andmappingshareddatato thenodewhereit is mostreferencedjenerally
reducesheaveragesharedaccessime.

3 Characterization Approach

This sectiondescribeur methodologyfor characterizingghared-memorgpplicationsandeval-
uating scalableshared-memorgystemdesignalternatves. This methodologyis basedon four
flexible tools that enablecollectingandanalyzingdetailedtracesof sharedmemoryapplications
asshavn in Figurel. Thereis onetool for tracecollectioncalledthe Shaed-MemoryApplica-
tion InstrumentationTool (SMAIT), two tools for traceanalysis: the Configuation Dependent
AnalysisTool (CDAT) andthe Configuation IndependenAnalysisTool (CIAT), andonetool for
characterizingventtime distribution called Time Distribution AnalysisTool (TDAT).

In Figurel, ashared-memorynultiprocessors usedto executeandanalyzeinstrumentedp-

plicationcodes However, theanalysigoolscanalsoacceptracefiles. SMAIT supportexecution-
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drivenanalysisby (i) pipingthetracedirectly to eitherCDAT or CIAT, insteadof generatingrace
files, and(ii) acceptingeedbacko controlthe executiontiming on the tracedmultiprocessonc-

cordingto CDAT's simulatedconfigurationor CIAT's analysismodel. Execution-drvenanalysis
enablesnalyzingongerexecutionperiodsby pipingto eliminatethe needto storehugetracefiles

andfeedbacko avoid theindeterministidoehaior of someapplications.

Usually, we first useCIAT to characterizéhe applicationcharacteristicsutlinedin Section2.
Thenwe useCDAT to characterizetheraspect®r to find the applicationperformanceindgen-
eratedtraffic on a particularsystemconfiguration.CDAT is usedto characterizehingslike cache
missesandfalsesharingthat dependon configurationparametersg.g.cachesizeandline width.
Sincethispaperconcentratesn CIAT, othertoolsaretreatedoriefly. However, aninterestedeader
canreferto [3].

CIAT analyzesapplicationpropertiesthat do not changefrom one configurationto anothey
thusrelieving CDAT from repeatinghis analysisor every configuration. CDAT, whichusedairly
detailedmodelsof the systemcoherence@rotocolandsystemstate s generallyslowver thanCIAT.

SMAIT hastwo parts:aperlscriptprogramfor instrumenting?A—RISC[4] assemblyanguage
files (basedon atool calledRY O [5]), andarun-timelibrary thatis linked with the instrumented
program.The perl scriptprogramreplacessomePA-RISC instructionswith callsto the run-time
library subroutinesDuring programexecution,therun-timelibrary generatefracerecordgor the
instrumentedanemoryinstructionstakenbranchesandsynchronizatiorandl/O calls.

In additionto its system-independemharacterizatiomeportfile, CIAT generates detailed
memoryusagefile that providesaccessnformationfor eachaccessethemorypage.CDAT uses
the memory usagefile for somepolicies of mappingmemorypagesto the simulatedmemory
banks.CIAT optionallygenerates traceof the communicatioreventsthatis analyzedoy TDAT
to characterizéhe communicationvariation over time. TDAT is alsousedto analyzeCDAT's
traffic trace. The characterizatiomeportedby thesetools is usedto supportapplicationtuning,
early-desigrof scalableshared-memorgystemsparameterizingyntheticwork-loadgenerators,
comparingalternatve designoptions,andinvestigatingnew designapproaches.

CIAT usesamodelsimilarto thePRAM model[6] whichassumethatp processorsanexecute
p instructionsconcurrentlyandeachinstructiontakesa fixedtime. Therefore CIAT keepdrackof
time in instructionunits. CIAT interlearesthe analysisof multiple threadtraceson p processors
accordingo thethreadspavn andjoin callsandobeys therestrictionsof thelock andbarriersyn-
chronizationcalls. CIAT additionallymaintainsinternaldatastructuredor the accessednemory



locationsthatareusedby its characterizatiomlgorithms(moredetailis givenin Section5).

CIAT assumeshatthe applicationhasoneor moreexecutionphasesvhereeachphasehasits
own propertiesCIAT identifiesserialandparallelphasesutomaticallyandidentifiesuserdefined
phasedelimited by specialmarkerrecords. CIAT performsanalysisper phase,reportsphase
characteristicait the end of eachphase andreportsthe aggregatecharacteristicef all phasesat
theend.

4 Applications

We have analyzedRadix,FFT, LU, andCholesl from SPLASH-2[7], CGandSPfrom NPB[8],
andTPCbenchmark€ andD [9, 10]. SPLASH-2consistf 8 applicationsand4 computational
kernelsdravn from scientific, engineeringand graphicscomputing. NPB are 5 kernelsand 3
pseudo-applicationthatmimic the computatioranddatamovementcharacteristicef large-scale
computationafluid dynamicapplications(an earlierreportcharacterize® benchmarksf NPB
usingCIAT andCDAT [11]). TheTPCbenchmarksreintendedo comparecommerciadatabase
platforms.Thefollowing is a shortdescriptionof the eightbenchmarks.

Radix is aninteger sortkernelthatiterateson radix r digits of the keys. In eachiteration,a
processopartially sortsits assignedeys by creatingalocal histogram.Thelocal histogramsare
thenaccumulateanto a globalhistogranthatis usedto permutethe keysinto a new arrayfor the
next iteration(two arraysareusedalternatvely). Our experimentsusedaradix of 1024.

FFT is aone-dimensionak-point complex FastFourier Transformkerneloptimizedto mini-
mizeinterprocessocommunicationThedatais organizedas./n x \/n matricesandeachproces-
soris responsiblef \/n/p contiguougows. Thekernelsall-to-all communicatioroccursin three
matrix transposeteps.Every processotransposea contiguousubmatrixof \/n /p x \/n/p from
every processarlf every processostartsby transposingrom Processo®'s rows, high contention
occurs. Hence,to minimize contention,eachprocessosstartstransposinga submatrixfrom the
next processos setof rows.

LU is akernelthatfactorsadense: x n matrixinto the productof a lower triangularandan
uppertriangulamatrix. Thematrixis dividedinto B x B blocks. Theblocksarepartitionedamong
the processorsyhere eachprocessompdatesits blocks. To reducefalse-sharingand conflict
missesglementswithin a block areallocatedcontiguouslyusing2-D scatterdecompositionOur
experimentuusedB = 16.

Cholesky is akernelthatfactorsa sparseamatrix usingblockedCholesl factorizationinto the
productof alower triangularmatrix andits transpose.

CG is aniterative kernelthatuseghe conjugategradientmethodto computeanapproximation
to thesmallesteigervalueof a sparsesymmetricpositive definitematrix. Table1 shavsthe order
of thematrix andthe numberof iterationsof thetwo problemsizes.

SP is asimulatedapplicationthatsolvessystemf equationgesultingfrom anapproximately
factoredimplicit finite-differencediscretizatiorof the Navier-Stokesequations.SPsolvesscalar
pentadiagonasystemsesultingfrom full diagonalizatiorof the approximatelyfactoredscheme.

TPC-C is anon-line transactiomprocessindenchmarkhat simulatesan environmentwhere
multiple operatorsexecutetransactionggainsta databaseThe TPC-Canalysispresentedn this
paperns basednal Gigainstructiontracethatrepresentthe benchmarlexecution.

TPC-D is adecisionsupportapplicationbenchmarkhatperformscomplex andlong-running



Table 1: Sizesof the two setsof problemsanalyzed. The two numbersspecifyingthe problem
sizeof CG andSPreferto the problemsizeandthe numberof iterations,respectrely. Thetotal
instructiongs thetotal numberof instructionsexecutedusing32 processorsValuesin parenthesis
shav the numberof actuallyanalyzednstructionsor the partially analyzedproblems.

ProblemSizel ProblemSizell
Benchmark| ProblemSize | Total InstructiongM) | ProblemSize | TotalInstructiongG) |
Radix 256Kintegers 88 | 2M integers 0.63
FFT 64K points 30 | 1M points 0.51
LU 256 x 256 80| 512 x 512 0.57
Cholesk tk15.0file 860 | tk29.0file 2.13
CG 1,400/15 147 | 14,000/15 2.43(0.75)
SP 163/100 611 | 64°/400 189(1.61)
TPC-C NA NA | 16 users (2.0)
TPC-D NA NA | 1 GB database (2.8)

Table2: The SPP160Mostconfiguration.

| Feature | SPPi60M@ata |
Numberof processors 32in 4 nodes
Processor PA 7200@ 120MHz
Main memory 1024MB pernode
OSversion SPP-UX4.2
Fortrancompiler Convex FC9.5
C compiler Corvex CC6.5

gueriesagainstlarge databasesTPC-Dis comprisedof 17 queriesthatdiffer in compleity and
run time. Eachqueryoftenundegoesmultiple phaseswith varying disk I/O rates. The TPC-D
analysispresentedn this paperis for a 2.8 Gigainstructiontracerepresentinghe third phaseof
Query3 wheremostof thequery'stime is spent.Comparedvith otherqueriesalthoughQuery3
takesa moderataun time, it hasa high disk I/O andcommunicatiorates[12]. A comprehense
characterizationof TPC-D's queriess beyondthe scopeof this paper

Table 1 shavs the problemsizesanalyzedn this study The scientificbenchmarksvereana-
lyzed usingtwo problemsizeson a rangeof processor$érom 1 to 32. Problemsizell hasabout
oneorderof magnitudemoreinstructionghanproblemsizel.

TheSPLASH-2benchmarksveredevelopedn StanfordUniversityto facilitateshared-memory
multiprocessoresearclandarewrittenin C. The NPB arespecifiedalgorithmicallysothatcom-
putervendorscanimplementthemon awide rangeof parallelmachinesWe analyzedhe Convex
Exemplar[13] implementatiorof NPB which is written in Fortran. The performanceof an ear
lier versionof this implementations reportedn [14]. However, to geta generalcharacterization
of thesebenchmarkswe undid someof the Exemplarspecificoptimizations. The six scientific
benchmarksvereinstrumentedcompiled,andanalyzedon a 4-nodeExemplar SPP1600multi-
processarTable2 shavs the configuratiornof this system.

The six scientificbenchmarksre multi-threadedeachstartswith a serialinitialization phase



whereonly ThreadO is active to setupthe problem. After the initialization phasep threadsare

spavnedto run on the p available processorsn the main parallel phase The problemis parti-

tionedamongthe availableprocessorandeachprocessors responsibldor its part. Thethreads
coordinatetheir work by usingsynchronizatiorbarriersand mutual-exclusionregionscontrolled
by locks. At the endof the parallelphasethe multiple threadsoin andonly ThreadO remains
active in thewrap-upphaseto do validationandreporting.

Unlessotherwisespecifiedthereportedscientificapplicationcharacteristicarefor the parallel
phaseusing32 processorsi-or CG andSR their characteristicdo notchangdrom oneiterationto
anotherin the parallelphase Hence to save analysigime, we performedour analysisof problem
sizell only from the programstartto the end of the secondterationin the parallel phase. We
reportthe characteristicef the secondterationasrepresentate of thewhole parallelphase.

The TPC traceswere collectedat HP Labson a 4-CPU HP sener running a commercial
databaservironment.In this configurationparallelismis exploited usingmultiple processethat
communicateusing sharedmemoryand semaphoreperations. The TPC-C traceis composed
of tracefiles for 45 processesandthe TPC-D traceis composedf tracefiles for 23 processes.
The operatingsystemsenesthe active processedy performingcontect switchingon the limited
numberof CPUs. To capturethe characteristicef eachprocessCIAT analyzeshe TPC traces
by runningeachprocesdraceon a dedicatedorocessorConsequently45 processorareusedto
analyzeTPC-Cand23 processorareusedfor TPC-D.

TheseTPC tracesinclude recordsfor the userspacememoryinstructions,takenbranches,
systemcalls, and synchronizationnstructions,e.g. load-and-cleaword. However, they do not
containinformationaboutcontext switching. Thus, it is impossibleto analyzethesetracesin the
exactoccurrenceorder For suchcasesCIAT usesa conserative traceschedulingalgorithmthat
doesnotviolate processynchronizatiorordering.Namely CIAT useshetime stampsn thetrace
synchronizatiomrecordsto breakthe tracesinto logical slices A sliceis a sequencef memory-
accessbranch,andsystemcall recordghataresurroundedy two synchronizatiomecordswvhich
containthestartandendtime stampf thesliceobseredwhenthetracewascollected.CIAT sorts
theslicesinto alist accordingto their starttimesandscheduleshemon the availableprocessors.
If thesliceatthelist head A, hasa starttimethatis largerthanthe endtime of aneatrlierslice,B,
thatis still active,thenA will notbescheduledy CIAT until B completes.

Althoughthisconsenrative schedulingcorrectlycapturesnter-proces€ommunicationits con-
senative orderingof the sliceslengthenghe executiontime, and consequentlyve cannotaccu-
rately characterizéhe concurreng, communicatiorvariationover time,andcommunicatiorslack
of theTPCbenchmarks.

5 Characterization Results

Thefollowing eightsubsectionaredevotedto theeighttargetedcharacteristicef shared-memory
applications. Eachsubsectiordescribeghe configurationindependentinalysisused,statesthe
adwantagesinddisadwantage®f theapproachandpresentandinterpretsheresultsof character
izing theeightbenchmarks.



5.1 General Characteristics

Eachmemoryinstructionaccessesneor moreconsecutie locations,wherethe size of eachlo-
cationis onebyte, e.g. theload-wordinstructionaccesse®ur locations.CIAT maintainsa hash
tablethathasanentryfor eachaccessetbcation. Eachentry holdsthe location's statusbits and
accessnformation. Onestatusbit, the codebit, is setwhenthelocationis accessedly aninstruc-
tionfetch. At theendof atrace CIAT sumsthesetcodebitsto find thetouchedcodesizeandsums
the clearcodebits to find thetoucheddatasize. The codeanddatasizesof the eightbenchmarks
areshavn in Table3. While Choleslk andSP have about85 KB of touchedcode,the otherfour
scientifickernelshave less. However, the TPC benchmarkgouchhundredsof codekilobytesin
thetracedperiod.

Thedatasizeis oneto threeordersof magnituddargerthanthe codesize,whereLU hasthe
smallestlatasizeandCG hasthelargest. TPC-C’sdatasizeis largerthanTPC-D'sdatasizemainly
dueto the differencesn their disk accesgatterns.Since TPC-C processesandomtransactions
thatgenerateshortrandom-accesdiskreadsandwrites, TPC-Cusesalargedisk cachan memory
to improve disk accesgime. However, TPC-D queriesgeneratdong sequentiallisk readswith
little datareuse consequentlyt usesalimited numberof memorybuffersto temporarilyhold and
processeaddisk chunks.

Table3 alsoshavsfive aggreatecharacteristicef the parallelphasethe numberof executed
instructions percentag®f memoryinstructionsaverageinstructionsexecutedper takenbranch,
the numberof barriers,andthe numberof locks. CG hasthe highestpercentagef memoryin-
structionsandthelargestdatasize. Consequentlyit is abenchmarkhatcanpotentiallystresghe
processocache.Thishighmemoryinstructionpercentages dueto simplereductionoperation®n
long vectors. The six scientificbenchmark$iave moreinstructionsbetweentakenbrancheghan
the TPChenchmarksinfrequentbranchings typical of scientificapplicationsgn which the appli-
cationspendsmostof its time in loopswith large loop bodiesandonebackwardoranch.Table3
indicateghatthe scientificbenchmarksiselittle synchronizationamongthem,CG hasthefewest

Table3: Generakharacteristicsf problemsizell using32 processorsCharacteristicef problem
sizel is givenin parenthesid significantlydifferent.

| | Radix| FFT | LU [Cholesk | 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 (A5) | (16) | (24) (24) (21) (70)

No. of barriers 11 7 67 4 1185| 1600 0 0
(11) | (1) | (39) (4) (735) | (400)

No. of locks 442 | 32 32 72,026 0 0 7.9 x 10° | 5.3 x 10°
(442) | (32) | (32) | (54,419)| (0) (0)




Table4: Disk /O in TPC-CandTPC-D.

| | TPC-C| TPC-D ||
No. of diskreadcalls 18,000 2,800
Averagereadchunk 1.7KB | 63KB
No. of diskwrite calls 4,000 81
Averagewrite chunk 1.5KB | 33B
Disk I/O bytesperinstruction|| 0.037 | 0.061
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Figure2: Percentagef the memoryinstructionsaccordingto the instructiontype (load or store)
andtype of dataaccessecbyte, half-word,word, float, or double).

instructionsper barrierand Cholesly hasby far the mostlocks. The TPC traceshave relatively
mary synchronizatiorevents,mainly load-and-cleaword instructionsandsenop systemcalls.
However, thetracecollectionperturbsexecutionandthe traceshave synchronizatiomateshigher
thanunperturbedxecution. In orderto minimize the effect of this behaior on our analysiswe
ignoreall accesset synchronizatiovariablesvhencharacterizingommunicatiorandsharing.

Table 4 shavs somestatisticsfor the disk I1/O actvity in the TPC traces. TPC-C accesses
relatively little dataper disk readandwrite accessmostTPC-D disk accesseare64 KB reads.
Although TPC-D hasmoredisk I/O bytesperinstruction,its disk accessearepredictablewvhich
enablesidingtheirlateny by prefetching.

Figure 2 shaws the percentagef the byte, half-word (2 bytes),word (4 bytes),float (single-
precisionfloating-point),anddouble(double-precisioriloating-point)load andstoreinstructions.
While the percentagef byte and half-word memoryinstructionsis negligible in the scientific
benchmarksit is 23%in TPC-Cand32%in TPC-D. CG hasthe largestpercentagef load in-
structionsdueto its reductionoperations.The averagefor the remainingbenchmarkss about?2
loadsperstore,i.e. typically two operandso oneresult.

Exceptfor Radix,anintegerkernel,morethan58% of thememoryinstructionsn thescientific
benchmarksnanipulatedoublevaluesandalmostall therestmanipulateword objects.Cholesly
usesalarge percentagef load-wordinstructiongto find theindicesof the sparsamatrix non-zero
elements.

Whenthe problemis scaledup, someinstructionsequenceareexecutedmoretimes,e.g. the
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body of someloops,while otherinstructionsequenceare not affected. Consequentlythereare
somedifferencedn the percentagef memoryinstructionsbetweensizel andll. One olbvious
changeis the lower percentagef store-wordinstructionsin sizell. Store-wordinstructionsare
oftenassociatedvith instructionsequencethatareexecuteda fixed numberof times,e.g. saving
thepreviousstateata proceduresntryfor aprocedurehatis calleda fixednumberof times.

5.2 Working Sets

The size of anapplications working setis sometimesharacterizedby conductingmultiple sim-
ulation experimentsusinga fully-associatve cachewith LRU replacemenpolicy [15, 7]. Each
experimentusesonecachesizeandmeasureshecachemissratio. A graphof thecachemissratio
versuscachesizeis usedto deducethe working setsizesfrom the graphknees.A kneeat cache
sizeC indicatesthatthereis aworking setof size< (. Thisis atime consumingproceduresince
it is expensve to simulateafully-associatve cachewith LRU replacementAdditionally, this pro-
ceduredoesnot differentiatebetweencoherenceind capacitymisses and may over-estimatethe
working setsizewhenusingcachelinesthatarelargerthanthe size of theindividually accessed
dataelements.

CIAT characterizeshe inherentworking setsof an applicationin one experimentusingthe
accessageof theload andstoreaccessesThe accessageof aninstructionaccessindocation x
is the total size of the distinctlocationsaccessedbetweerthis accessandthe previous accesof
z, inclusively. By definition,theaccessgeis setto oo for thefirst acces®f . For example,the
sequencef wordaccessefA, B, C, A, A, B, B) hasaccesagey oo, oo, 00,12, 4,12, 4).

The accessagepredictsthe performanceof a fully-associatve cachewith LRU replacement
policy anda line sizethatequalsthe size of the smallestaccesseeélement.For an S-byte cache,
every accessith age< S is a hit, every acceswith age= oc generatea compulsorymiss,and
every acceswith age> S generatea capacitymiss.

Tofind theaccessge,CIAT usesacounterfor theaccessebytes.For eachaccessthecounter
is incrementedy the numberof accessethytesandthe incrementedralueis storedin the hash
tableentrycorrespondingo theaccessetbcation.Whenalocationis reaccessedheaccesseadh
is foundasthecurrentcountevalue(:) minusthestoredvalue(y) atthelocation's hashtableentry.
The accessageis thencalculatedasthe accesgeachminusthe numberof repeatedyteswithin
thisreach.The numberof repeatedyteswithin reachk is storedin element: of the vectorRep,
therefore

Age= (i — j) — Repli — jl.

Rep is maintainedasfollows: For eachaccesdo a previously accessetbcation,its sizes is
addedto the (« — j)th elementof vector New. ThenRep is updatedoy accumulatinghe new
repeatedytesandagingpreviousrepetitions(a shift by s) asshavn in thetwo loopsbelov. The
firstloop accumulatesew repetitiongafterinitializing sumto zero),andthe secondoop shiftsby
S.

sum + = Newlk],
Rep[k] + = sum Vk:s,s+1,...,1.
New[k] = 0

Replk] = Replk—s] ;Vk:i,i—1,...,s,
Replk] = 0 Vk:s—1,8s—2,...,1.

11



ool 4.0 .0 0 0.0 0] Age=2824-Rep(2824)=4
5 Bi28 |0 0 44 8 12 1 g p(28:24)
€ Roog |0 0 0 4 0 0 | Age=248-Rep(248)=12
S B:240 4 a4 4 5 8 ¢ Pevs)
3 — 4 4 8 8
on l 4.0 0 0 0. Age = 20-16 - Rep(20-16) = 4
© A20|0 0 0 4 2 g pl20-18)
§ A16 [3--8--4F Age = 16-4 - Rep(16-4) = 12
o . lo 0 o T T T
5 Cl2109 00
"q—') 0 T Q T T
m B 8 77077770 77777777777777777777777
— P New
A4 |Q 7 Rep

4 8 12 16 20 24 28
Element index
Figure3: An exampleillustrating how the repeatedytesvectorsRep and New are updatedto

find the accessgesof the sequencef word accessefA, B, C, A, A, B, B). Eachrow shavs the
contentssectorelementst, 8,12, . . ..

Although, in this basicalgorithm, vector New seemsredundantecausat carriesonly one
value betweentwo updatesijt is usefulin the optimizedalgorithm describedbelow. Figure 3
shawvs how the two vectorsare updatedo find the accessgesof the sequencef word accesses
(A,B,C,A A B,B).

While shifting by incrementinga pointercanbeinexpensve, accumulatinghe new repetitions
takesO(:) operationgperaccessConsequentithe overheadf maintainingtherepetitionvectors
is O(N?) complity. We usetwo optimizationsto reducethis overhead: (i) Coarserepetition
vectorsare usedwherea vector elementrepresentsa region of K reachesand the vectorsare
updatedeachtime K additionalbyteshave beenaccessed.Thus, the compleity is reducedto
O(N?/K?) atthe expenseof + K confidencen the accessge. (i) To exploit temporallocality,
CIAT updateghe repetitionvectorsin a lazy fashion. Although, agingthe repetitionvectorsis
performedoy incrementinga pointerafterevery K bytesof accessaccumulatiorof New into Rep
is only donewhenneededandonly up to the needecelement. For example,whenanalyzingan
access of reach: — 7, all unaccumulate@lementsn the repetitionvectorsbetweenrelementsl
and(: — j)/ K areaccumulatedThislazy algorithmeliminatesmostof theaccumulationsg.g. for
Radix,thelazyalgorithmdoesonly 5% of theaccumulationslonewith optimization(i) only. With
thesetwo optimizationsthe overheadof characterizinghe working setsis about30% of CIAT's
total analysigime.

Figure 4 shavs the cumulatve distribution function of the accessage using 32 processors,
ignoringinfinite ages.Theleft graphis for problemsizel andtheright is for problemsizell. A
point(z, y) indicatesthaty % of theaccessebave accessge< z bytes.

Whena curve hasa distinguishableise to a plateau this is anindicationthatthe respectre
benchmarkhasanimportantworking setof size< thez valueatthe beginningof the plateau.CG
hasoneimportantworking setof size <64 KB for problemsizel, and<512KB for problemsize
Il. CGis expectedo have frequentcapacitymissesvhenthecachesizeis smallerthanits working
setsize.Unlike otherscientificobenchmarksheworking setsizeof LU andCholesly, at4 KB and
16 KB respectiely, doesnotchangegrom oneproblemsizeto another

Someapplicationshave multiple importantworking sets. FFT with problemsizell hastwo
importantworkingsets;oneat32KB andanotheat4 MB. Figure4 indicateghatTPC-Dhasbetter
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Figure4: The cumulate distribution functionof theaccessige.A point (z, y) indicatesthaty%
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temporallocality thanTPC-CandTPC-Cperformanceouldbeimprovedby increasinghe cache
sizebeyond64 KB. Sincetheaccesageshavnis only for oneprocessTPC-D's performancenay
alsobeimprovedby largercachedecauséhe operatingsystemnterlearesmultiple processeper
processor

5.3 Concurrency

Concurreng is oftencharacterizethy measuringhe executiontime for anumberof machinesizes
and calculatingthe speedup.Goodspeedupndicatesthat the applicationhashigh concurreny.

CIAT characterizesoncurreng by measuringhetime, in instructions that processorspendex-

ecutinginstructionsor waiting at synchronizatiorpoints. Figure5 shawvs a 2-processoexecution
profile of an applicationrunningon a perfectsystem(with fixed memoryaccesdime andzero
synchronizatioroverhead).The concurreng is reflectedn the busytime relative to thetotal time
of bothprocessors.

Figure5 demonstratethreegenerafactorsthatadwerselyaffect concurreng: serial fraction,
load imbalance andresouce contention At the applicationstart(T0), Processo0 is busyin a
serialphaseandProcessof is idle. At T1, the applicationentersa parallelphaseby spavning
anexecutionthreadon Processol.. Processol joins atthe endof the parallelphasgT9) where
Processao0 startsa final serialphase Theparallelphasehassomeloadimbalancewhichis visible
asProcessof's wait on the synchronizatiorbarrierat T2 andits join wait at T8. Thefirst wait
time is dueto Processofl having morebusy cycles (work) thanProcessof andthe secondwait
time is dueto Processof reachingthe join point earlierthan Processofl.. Processod fails to
acquirealock thatprotectsa sharedesourceat T5, soit waitsuntil Processo releaseshis lock
atT6 beforeit entersthecritical region betweernl6 andT7 andaccessethesharedesource.

Basedon thismodel,the speedupf anapplicationcanbe foundby

Busy(1)
{Busy(p) + Idle(p) + Imbalancép) + Contentiorip)}/p

wherep is the numberof processorsBusy(1) is the busy time for the basicwork when using
oneprocessqrBusy(p) is thetotal busy time summedover the p processorgBusy(p) — Busy(1)

Speedup=
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is the paralleloverheadbusy work including redundantand addedcomputations)|dle(p) is the
total idle time during serialphases|mbalancép) is the total wait time on barriersandjoins, and
Contentiofip) is the total wait time on locks. Amdahl's serialfraction[16], ignoring the three
paralleloverheadsis

Idle(p)/(p — 1)

Busy(1)
Perfectspeedups only possiblewhenthe serialfraction, paralleloverheadcbusywork, imbalance,
andcontentionarezero.

For the scientificbenchmarkdrigure6 shavs thetotal processotime spentexecutinginstruc-
tions, waiting on barriersandthreadjoins dueto load imbalance,and waiting on locks due to
resourcecontention(normalizedto the one-processdime). Idle time is zerobecausehis datais
basedntheparallelphaseonly.

Perfectspeedupwithin the parallelphaseoccurswhenthe total busy andwait time doesnot
increaseasthe processorencrease.LU andCholesly arethusexpectedto have worsespeedup
thanthe otherfour benchmarkssinceLU's load imbalanceand Cholesl's busy time increase

SerialFraction=
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asthe numberof processorencreasesFor problemsizel, Radix alsohasa badspeedupmueto
increases busytime,loadimbalanceandcontentiorasthe numberof processorecreases.

AlthoughCholesly hasthemostlock attemptsijt hasnegligible contentiortime, unlike Radix,
dueto its relatively small critical regions. In Cholesky, a processoattemptingto acquirea lock
usuallyfinds it free. However, CIAT doesnot modelthe overheadin acquiringand releasing
locks. In a machinewith high synchronizatioroverheadsthe contentiontime canbecomemore
significantthanreportedoy CIAT.

5.4 Communication Patterns

In configurationdependenanalysis,communications characterizedrom the traffic thata pro-
cessogenerate$o accesslatathatis notallocatedn its localmemory[17]. Thistraffic includes
traffic dueto inherentcoherence&eommunicationgcold-startmissesfinite cachecapacity limited
cacheassociatiity, andfalsesharing.Inherenttommunications thecommunicatiorthatmustoc-
curin orderto getthe currentdataof a locationthatis accesse8dy multiple processorsassuming
unlimitedreplicationis allowed andthata memorylocation's statusis not affectedby accesset
otherlocations.

CIAT characterizeshe inherentcommunicatiorby tracking, for eachmemorylocation, the
typeandtheprocessotD of thelastaccessWhenthereareconsecutie loadaccesseby multiple
readerstheir IDs arestoredin a sharingvector CIAT thencaptureghe inherentcommunication
for asharedocationfrom changesn theaccessingrocessosD. CIAT classifiescommunication
into four main patternsand 8 variantsto provide a thoroughcharacterization CIAT reportsthe
volumesof the following communicatiorpatternsandthe sharingandinvalidationdegrees:

1. Read-aftetwrite (RAW) accesoccurswhenoneor more processorsoad from a memory
locationthat wasstoredinto by a processor This patterndoesnot includethe casewhere
only oneprocessostoresnto andloadsfrom amemorylocation.Moreover, whenaproces-
sor performsmultiple loadsfrom the samememorylocation,only its first loadis counteda
RAW accessRAW is acommoncommunicatiorpatternjt is thesecondartof aproducer
consumer(syituationwhereoneprocessoproducesiataandoneor more processorgson-
sumest. RAW is reportedin two variants: (i) RAW accessewherethe readers different
thanthewriter, and(ii) RAW accessewherethereaderis the sameasthe writer andthere
areotherreadersThesecondvariantgeneratesoherencéraffic with cachedhatinvalidate
thedirty line onsupply

2. Sharingdegreefor RAW. Thisis avectorS, whereS[%] is the numberof timesthat & pro-
cessorsoadedfrom amemorylocationafterthe storeinto this location.

3. Write-afterread (WAR) acces®ccurswhena processostoresnto a memorylocationthat
oneor moreprocessorfiave loaded.This patterndoesnotincludethe casewhereonly one
processofoadsfrom andstoresinto a memorylocation. WAR is alsoa commonpattern;
it occurswhena processoupdatesa locationthat wasloadedby otherprocessors WAR
is reportedin four variantsaccordingto the identity of the writer: (i) a new writer thatis
not one of the readers(ii) samewriter as previous writer thatis not one of the readers,
(i) a new writer thatis one of the readersand (iv) samewriter as previous writer that
is one of the readers.A WAR accesgjenerates misswhenthe accessedbcationis not
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cachedAdditionally, with anupdatecachecoherenc@rotocol,it generatesoherencéraffic
to updatethe copiesin the readers'cacheswhile with aninvalidationprotocolit generates
invalidationtraffic.

4. Invalidation degreefor WAR. This is a vector |, wherel[£] is the numberof timesthata
memorylocationwasstoredinto after previously beingloadedby . processors.

5. Write-afterwrite (WAW) accessoccurswhen a processoistoresinto a memorylocation
that was storedinto by anotherprocessar This patternoccurswhen multiple processors
storewithout interveningloads,or whenprocessorsaketurnsaccessing memorylocation
wherein eachturn a processosstoresand loads,andits first accesds a store. WAW is
reportedin two variants: (i) the previous processos last accessvasa load, and (ii) the
previousprocessos lastaccessvasa store.

6. Read-afterread (RAR) accesccurswhena processotoadsfrom a memorylocationthat
wasloadedby anothemprocessoandthefirst visible accesdo thislocationis aload. Thisis
anuncommorpattern;it occursin badprogramghatreaduninitializeddata. Nevertheless,
CIAT sometime®ncountershis patternwhenthedatais initializedin untracedoutines.For
simplicity, theseaccessesouldbe addedo the RAW accesses.

When usinga particularcoherenceprotocolin configurationdependentainalysis,not all the
above accespatterngenerateoherencéraffic. Considerfor example store-updateachecoher
enceprotocol.In iteratve WAR andRAW, aRAW accesss satisfiedrom theupdatedocal cache.
However, with a store-irvalidateprotocol,a RAW accesgeneratesoherencdraffic to getthe
datafrom theproducers cache Additionally, sequentialocality hidessomeof thecommunication
eventssinceeachmissoperate®n a cachdine thatoftencontainsmultiple sharecelements.

Configuratiordependenanalysiswhenusedo characterizenherentommunicationganmiss
somecommunicatiorevents. For example,with finite write-backcache,a RAW accesof a re-
placedline doesnot generateoherencéraffic sincethe missis satisfiedrom memory However,
this accesanay generatecoherencdraffic with a larger cacheis which the line is not replaced.
Anotherexampleis a RAW accesperformedby thewriter. Whenthe storeis followedby aload
from a differentprocessqrthe dirty cacheusuallysuppliesthe dataandkeepsa sharedcopy, thus
a RAW accesdy the writer is satisfiedfrom the local cache.However, the RAW doesgenerate
coherencéraffic if the cacheprotocolinvalidateson supply

Figure 7 shaws the distribution of the four classesof communicatioraccessesMost of the
communicationn thesebenchmarkss RAW and WAR. Only Radix hasa significantnumber
of WAW accessedueto permutingthe sortedkeys betweentwo arrays. TPC-Calsohassome
RAR and WAW accessesvhich may actually becomeRAW and WAR accessed the traceis
longerandincludesthe operatingsystemactvity. However, generallythe TPC benchmark$iave
lesscommunicatiorand are expectedto have a lower coherencemissratio, especiallywhenwe
considetthatin practicemultiple processesunon oneprocessar

The communicatiorpercentaggenerallyincreasessthe numberof processoricreasesiue
to (i) theincreasan RAW accessesf widely shareddata,and(ii) theincreasan the boundary
to the body of datawhenpartitionedamongmore processorsOften, mostof the communication
occurswhenaccessinghe boundaryelements.For FFT with problemsizel, the communication
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Figure8: RAW sharingdegreefor 32 processors.

percentagelropswhenthe numberof processorgncreasedrom 16 to 32 becausehe increasen
total accessess largerthantheincreasen communicatiorevents.

Figure 8 shaws the distribution of the 32 possiblesharingdegreesfor RAW accessesvhen
using 32 processorg(Sk] x 100/ 3%, Si]);k = 1,...,32). TPC-Chas45 possiblesharing
degreesand TPC-D has23, only the first 32 are shovn dueto graphinglimitations. However,
TPC-Chasngligible sharingwith degreeshigherthan32. Radix, FFT, SR TPC-C,and TPC-
D have smallsharingdegree,LU andCholeslk have mediumsharingdegree,and CG haslarge
sharingdegree which explainsits fastincreasein communicationpercentages the numberof
processorfncreases.

Figure9 shavsthepercentagef the 32 possibleinvalidationdegreesof the WAR accessvhen
using32 processorg(l[k] x 100/ 322 1[i]);k = 1,...,32). TPC-Chas45 possibleinvalidation
dggreesandTPC-Dhasonly 23. While Radix,FFT, CG,SR TPC-C,andTPC-Dhave invalidation
degreesimilarto theirsharingdegree, LU andCholesl WAR invalidationdegreedropsto 2 and1,
respectrely. CG'slargeinvalidationdegreeimpliesthatfor eachWAR accessa cachecoherence
protocolwill generatanary updateor invalidatesignals. The TPCbenchmarkssingularsharing
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Figure9: WAR invalidationdegreefor 32 processors.

andinvalidationdegreesindicateghatmostof the communicatioroccursin a producerconsumer
pattern. However, in TPC-Cthe consumeigenerallyupdategshe communicatedralue, while in
TPC-Donly oneproducegenerallyupdatesachlocation.

55 Communication Variation Over Time

TDAT is usedto analyzeCIAT's communicatioreventtracewhich hasonerecordpercommunica-
tion event. Eachrecordspecifieghe event's type andtime (in instructions).Thetime distribution
analysiss summarizedsfollows:

1. CIAT is usedto analyzethe benchmarksindto generateéhe communicatioreventtrace.
2. Theexecutionperiodis dividedinto 1000-instructionntenvals.

3. Thenumberof communicatioreventsin eachinterval is counted.

4

. The communicatiornrate in eachinterval is calculatedas the numberof communication
eventsdividedby the productof theinterval sizeandthe numberof processors.

o

Theaverageminimum,andmaximumcommunicatiomatesover all intervalsarecalculated.

6. The communicatiorratedensityfunctionis calculatednotincludingrate=0. Theratezero
is excludedto minimizethe effect of the serialinitialization phasewhich doesnot have ary
communication.

7. Thedensityfunctionis integratedto find the distribution function.

Figure 10 shavs the numberof communicatioreventsover time for 32 processorandsizel.
The graphsdo not shaw theinitial executionperiodsthathave no communicationLU, Cholesl,
andCG have a high burstof communicatiorat the parallelphasestartwhenprocessor4 through
31 startto accesghe shareddatainitialized by Processof. Radix hastwo phasef commu-
nicationto build the global histogramandto permutethe keys betweenthe two arrays. FFT's
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Figure10: Numberof communicatioreventsover time (32 processorgroblemsizel).

communicatioroccursin threephasesvhenmatrix transpositions performed.LU's communica-
tion is relatively lessintensethanthe otherbenchmarksandis periodicwith a decreasingycle.

Cholesl's communicationis not uniform. CG and SP have periodiccommunicatiorwith fixed

cycle. CG hasa simpleperiodicbehaior with a cycle about20,000instructions;SP hasa more
comple behaior with a cycle of about200,000.

Figure 11 shaws the distribution function for 32 processorsand problemsize I. While all
Radix's communicatioroccurswith a communicatiorrate < 0.1 events/instructionpnly 0.09 of
FFT's communicatioroccursat a rate < 0.1 events/instruction.CG alsohassomehigh commu-
nicationratessuggestinghatthesetwo applicationanay suffer mostfrom contentionin systems
with limited communicatiorbandwidth.

5.6 Communication Slack

CIAT measureshe communicatiorslack asthe time in instructionsbetweengeneratinga new

valueandreferencingt by a RAW or a WAW access.Figure12 is basedon the communication
slack histogramreportedby CIAT for the scientificbenchmarksvhenusing 32 processorsThe

figure shaws the percentagef the communicatioreventsbinnedin eight slackrangese.g. for

problemsize Il, more than 90% of SP's communicatiorhasslackin the rangeof millions of

instructions. For all the benchmarksmostof the communicationhasa slack of thousandsof

instructionsor more.However, CG's morefrequentuseof barrierss reflectedn its smallesslack.
Neverthelessthe six benchmarkgachhave large enoughslackto makeprefetchingrewarding.
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Figurel2: Communicatiorslackdistributionfor 32 processors.

5.7 Communication Locality

CIAT characterizethecommunicatioriocality by reportingthe numberof communicatiorevents

0.4

for processomairs. CIAT reportsthis informationin the matrix COMM_MAT. The element

COMM_MAT][:][ 7] is the numberof communicatioreventsfrom Processoi to Processof which
is incrementedy onein thefollowing cases:

1. For eachProcessof's RAW accesgo alocationstoredinto by Processor.

2. For eachProcessoj's WAW acces®f locationspreviously storedinto by Processor.

3. For eachProcessoj invalidationby aWAR acces®f Processot.
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Figuresl3 and 14 shav thereportedcommunicatiormatrix using32 processoror problem
sizel andll, respectiely. Theeightbenchmark$fave clearlydifferentcommunicatioriocalities.

In additionto Radix's uniform communicationrcomponentprocessordiave additionalcom-
municationwith their neighbors.This additionalcommunicatiordependon the processoiD. A
processowith anevenID : communicate$o Processof + 1; however, a processowith anodd
ID communicate$o threeor moreprocessorsThemiddle processqiProcessot5, communicates
to 20 processors.

In FFT, Processof communicates constanhumberof valuesto every otherprocessqroth-
erwisethe processoreommunicatan a uniform pattern. In LU, the communicationis mainly
clusteredwithin groupsof 8, with somefar communication:Processoi communicateso each
processor; where; = i & 8k for someinteger k. Moreover, Processof communicate$o and
from all otherprocessors.

In Cholesly, Processo® communicate$o all otherprocessorsptherwisethe processorsom-
municatein a non-uniformpattern.While CG's communicatiornis relatively uniform, SP's com-
municationis clustered:Processof communicate$rom eachprocessoy where; = ¢ & 4k for
someinteger k, andfrom the mth groupof 8 processorsyherem = i(mod4).

In TPC-C,thereis somecommunicatioramongthefirst 16 processegon processore through
15). Apparantly eachis resposiblgor oneuser Additionally, eachof theseprocesseproduces
morethan100,000elementdor the proceson Processod2 whichin turn producesomedatafor
thefirst 16 processeandmorethan150,000elementdor the proceson Processo4l.

In TPC-D, mostof the communications from the first 8 processeshat do disk readsand
preprocessingp the second processesThis indicatesthat parallelismis exploited functionally
amongtwo 8-procesgroupsandspatiallyby partitioningthe datainto 8 parts.
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Figurel4: Numberof communicatioreventsper processopair (32 processorgproblemsizell).

5.8 Sharing Behavior

The datapresentedn this sectionis basedon analyzingthe codeanddataaccessesf the whole
execution,including the serialphase.Figure 15 shaws the size of referencednemorylocations
classifiedin threeclasses:codelocations,private datalocations,and shareddatalocations. As
the size of the codelocationsis much smallerthanthe size of the datalocations,the codesize
is notvisible in the chart. Generally morelocationsbecomesharedasthe numberof processors
increasesAll thescientificbenchmarkshaow this trend.For problemsizell, using32 processors,
morethan93% of Radix, SR FFT, andLU datalocationsareshared.TPC-C's sharedoercentage
is 15%andTPC-D'sis 12%. Furthermoregachadditionalthreadmay requiresomenew private
memorylocations,causingan increasen the size of private memoryand hencethe total data
memory Thistrendis particularlyvisible in Cholesly, andsomevhatin Radix.

Figure 16 shawvs the numberof privateandshareddataaccesseaormalizedio the numberof
dataaccessesisingone processar In CG, Cholesly, TPC-C,and TPC-D, sharedocationsare
moreintenselyaccessethanprivatelocations.For example,using32 processoro solve problem
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sizell, 10% of CG's datalocationsare sharedand thesearereferencedy 25% of all the data
accessesHowever, in Radix, SR FFT, andLU, sharedocationsarelessintenselyaccessedFor
example,using 32 processorso solve Radix's problemsizell, only 17% of all accesseareto
sharedocations. The scientificbenchmarkshaov someincreasean the total numberof accesses
dueto theincreasedn the private accesseasthe numberof processorincreases.However, the
largeincreasean thetotal numberof accessem Cholesly is dueto theincreasen bothprivateand
sharedaccesses.

6 Related Work

Avalilableparallelperformanceanalysisools have mainly beendevelopedfor analyzingmessage-
passingapplicationsg.g.Pablo[18], Medea[19], andParadyn[20]. Neverthelessthereis some
work thatfocuseson characterizinghared-memorgpplications Singhet al. demonstratethatit
is often difficult to modelthe communicatiorof parallelalgorithmsanalytically[17]. They sug-
gesteddevelopinggeneral-purpossimulationtoolsto obtainempiricalinformationfor supporting
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thedesignof parallelalgorithms.

Thereareseveralstudieghatcombinesource-codanalysiswvith configuratiordependenanal-
ysisto characterizeshared-memorgpplicationd21, 15, 7]. Woo etal. have characterizedereral
aspectof the SPLASH-2suite of parallelapplicationg7]. Their characterizatiomcludesload
balanceworking sets communicatiorto computatiorratio, systemntraffic, andsharing.They used
execution-drven simulationwith the TangoLite [22] tracingtool. In orderto capturesomeof
the fundamentapropertiesof SPLASH-2,they adjustednodelparameterbetweerow andhigh
values.

Chandraet al. alsousedsimulationto characterizehe performanceof a collectionof appli-
cations[23]. Their mainobjectve wasto analyzewheretime is spentin message-passingrsus
shared-memorgrogramsPerlandSites[24] have studiedsomeWindows NT applicationson Al-
phaPCs. Their studyincludesanalyzingthe applicationbandwidthrequirements¢haracterizing
the memoryaccespatternsandanalyzingapplicationsensitvity to cachesize. To getinsightin
designinginterconnectiometworks,Chodnekaset al. analyzedhe time distribution and locality
of communicatioreventsin somemessage-passirandshared-memorgpplicationg25].

LeutenggerandDias[26] analyzedhe TPC-Cdisk accesse® modelits disk accespatterns
andshaved that TPC-Ccanachiere closeto linear speedupn a distributed systemwhensome
read-onlydatais replicated.

7 Conclusions

Splittingtheapplicationanalysignto configurationndependengandconfiguratiordependerdnal-
ysis providesa cleanandefficient characterizatiof applicationperformance Configurationin-
dependenanalysisgivesa basicunderstandin@f theinherentpropertiesof anapplicationwhile
configurationdependenéanalysisenablesa designetto evaluatethe applicationperformanceon a
particularsystemdesign.

In this paper we have demonstratedhat configurationindependentinalysisis a viable ap-
proachto characterizinghared-memorgpplications.CIAT, our configuration-independetxol,
efficiently characterizeseveral importantaspectof shared-memorgpplications. CIAT canbe
usedto mechanicallycharacterize wide rangeof shared-memorgpplications.

CIAT characterizatiomf concurreng is informative sinceit specifieshe applications serial
fraction, paralleloverheadousy work, load balance andresourcecontention.Using analgorithm
basedon finding the ageof the memoryaccessesCIAT characterizethe working setsof an ap-
plicationby doingonly oneexperimentandis not confusedoy coherencenisses CIAT alsochar
acterizeghe inherentcommunicatiorwhich is not affectedby capacity conflict, or false-sharing
misses.It reportsthe volumeof the four typesof communicatiorpatternsandtheir variants.Ad-
ditionally, CIAT characterizethe communicatiorvariationover time, aswell ascommunication
slackandlocality.

We have demonstratedur analysisapproactby analyzingeightbenchmarksisingtwo prob-
lem sizesanda varying numberof processorsThis studyshaws the power of this approachand
theinsightsthatcanbe gainedfrom a configurationndependenanalysisof targetedbenchmarks.
Theresultsarein aform thatcanreadilybe exploited by applicationandsystemdesigners.
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