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Abstract

Optimizing the performanceof shared-memorfNUMA programs
remainssomethingof a black art, requiring that applicationwrit-
ers possessdeep understandingof their programs' behaiors.
This dif culty represent®ne of the remaininghindrancego the
widespreadadoptionand deployment of thesecost-efcient and
scalableshared-memonNUMA architectures. To addressthis
problem,we have developeda performancemonitoringinfrastruc-
ture anda correspondingetof toolsto aid in visualizingandun-
derstandinghesubtletief thememoryaccesehaior of parallel
NUMA applicationswith large datasetsThetools aredesignedo
begeneraljnteroperableandeasilyportable.We give detailedex-
amplesof the useof one particulartool in the set. We have used
this memoryaccessisualizationtool pro tably on arangeof ap-
plications,improving performancéyy around90%,0n average.

CR Categories: D.1.3[ProgrammingTechniques]:Concurrent
Programming—~@rallel Programming;D.2.5 [Software Engineer
ing]: TestingandDelugging—Diagnostics;

Keywords: Performancé/isualization,Interactve Locality Opti-
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1 Motivation

Sharedmemory machineswith NUMA (Non-Uniform Memory
Access)characteristicsaare becomingincreasingly attractive for
high performancecomputing. Thesearchitecturescombine the
costef ciency andscalabilityof traditionalMPPs(Massve Parallel
Processosystems)with the programmabilityof SMPs(Symmet-
ric Multiprocessors) Commoditybuilding blocks—usuallysmall-
scaleSMPs—areconnectedria a scalableinterconnectabric ca-
pableof transportingnemoryrequests Theseinterconnectsntro-
ducetheexplicit NUMA propertyof thesesharednemorysystems,
wheredifferencesn local andremotememoryaccesdatenciesan
beupto two ordersof magnitude.
Sharedmemoryapplicationswith transparentlatadistributions
acrosall nodesoftenincur high overheadslueto excessie remote
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memoryaccessesMinimizing the numberof remoteaccessess
crucial for good performanceandthis, in turn, usuallyrequiresa
suitable application-speci adatadistribution. In generalchoosing
agooddatadistribution remainsa challenge.

Existing approachesely on compile-timeoptimizationsto de-
ducea suitabledatadistribution. A well knovn exampleis the
Split-C compiler [Krishnamurtly and Yelick 1996], which is ca-
pableof rst analyzingcyclic dependencieamonginterferingac-
cessesand then eliminating communicationghrough datareuse.
Anotherexampleis the optimized Fortran compiler [Navarro and
Zapatal999]developedatthe Universityof Malaga. This compiler
nds efcient iteration/datalistributionsbasedon a newly de ned
locality-communicatiomraph,andusesheseto reducethenumber

of accesset remotememorylocations.

Compilerbasedschemesrelimited to usingstaticprogramin-
formation. They arecomple in their implementationsincethey
mustbe integratedinto the compilersthemseles. By automating
the datadistribution, they disallov userinteraction,and generally
fail to exploit the users knowledgeaboutthe applicationstructure.
In addition,they cannotincorporatedynamicrun-timeinformation.
Thesdimitationsrestricttheaccurag of thecompile-timeanalysis,
resultingin suboptimaldata-placemerdecisions.

In this paperwe presentinalternatve approactbasecnacom-
prehensie visualizationtool. Ourtool candepicttherun-timedata
locality of sharedmemoryapplicationsin NUMA ernvironments,
mappingthis behaior to theindividual datastructureor dataele-
ments.This providesthe userwith a concretevisual descriptionof
dataaccesyatternsexhibited by the application,alongwith their
impacton datalocality. Combinedwith the programmess knowl-
edgeaboutthe applicationitself, this information helpsdirect the
programmeto choosean appropriatedatadistribution, which can
then be implementedusing either sourcecode annotationsor OS
distribution primitives. Optimizationson severalsamplecodeshave
shovn anaveragebene t of 90%improvementin executiontime.

Ourtool acquiregperformancalatafrom a suitableglobalmon-
itoring facility within the NUMA system.It thenpresentshis data
in theform of several2D and3D graphicaViews. All viewsprovide
a spatialresolution,i.e., they shav memoryaccessewith respect
to the correspondingaddressesThis enablesthe tool to directly
extract the locality of the addresseanemorycell andto mapthe
informationontothe appropriatedatastructuresn the sourcecode.
Thetool canthenpresentviews that transformthis source-related
informationinto appropriatevisualizationsprojectingperformance
dataon top of graphicalrepresentationsf datastructuressuchas
arraysor array elements.The tool also providesthe ability to vi-
sualizechangingoehaior acrossseveral programphasesallowing
easietidenti cation of changingaccesgatterns.

In theremainderof this paperwe rst discusshelocality prob-
lemson NUMA systemsWe thenintroducethetool ervironment,
andgive amoredetaileddescriptiorof thevisualizationtool, showv-
ing anexampleof how to useit to nd agooddataplacement.
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Figurel: Samplecon gurationof aNUMA machine.

2 Locality in NUMA Systems

The high scalabilityandeaseof programmingaffordedby NUMA
architecturesmakes them increasingly popular for high perfor
manceparallelcomputing.Nonethelessgproblemssuchasthelack
of acceptedhared-memorprogrammingstandardsndthe poten-
tial dif culty in identifyingandaddressingerformancéottienecks
for this classof architecturehiasslowedits adoption.We focuson
oneinstanceof thelatter problem—identifyingbene cial datadis-
tributionsfor goodmemoryperformanceOur approachusestools
of ourcreationto determinedatalocality for largedatasetsWethen
usethislocality to distributethe dataacrosghenodeshatmake up
theglobalmemorysystem.

Figure 1 depictsa typical NUMA system.Theindividual build-
ing blocksarenodescontainingtheir own memorysystemsassoci-
atedwith oneor moreCPUs(thelatterconstitutinganSMP).These
building blockscommunicatevia aninterconnectiorfabricthatre-
laysmemorytransactionbetweemodes Any distributed-memory
machinemustprovide coherencenechanismso coordinatemem-
ory accessescrossnodes. Thesecanrangefrom hardware-only
schemes,as in CC-NUMA machines[Archibald 1988], to hy-
brid solutionsbasedon relaxed consisteng models[Schulzet al.
2002a]. On top of thesehardware capabilities,the OS or an ap-
propriaterun-timelayer createsa global processabstraction.This
abstractionprovides all its threadswith identical virtual memory
spaces.

NUMA systemsxist asbothtightly coupled single-\vendorma-
chines,suchas the O3000 [corporation2002], or as commodity
clusterswith a specialsysteminterconnectsuchasthe Scalable
Coherentnterface(SCI) [[EEE ComputerSociety1993;Hellwag-
nerandReinefeld1999]. Severalacademiaesearctprojectshave
focusedon shared-memorfNUMA architectures: for example,
the TorontoNUMA maching[Grbic et al. 1998] andthe Stanford
FLASH [Heinrich et al. 1994]. All thesemachinescombinethe
scalability of traditional message-basedPPswith the program-
ming abstractionof shared-memorynultiprocessors.This opens
thesesystemsto a much wider classof applicationsthan MPPs
without suffering the typical SMP scalabilityproblems.

Unlike traditionalshared-memorynachineswith uniformmem-
ory acces§UMA), NUMA machinesintroducea distinction be-
tweenlocal andremotememoriesin orderto gain scalability The
differencebetweenslon and fast accesdatenciescan be up to

two ordersof magnitude andhencecodesexhibiting mary remote
memoryaccessemcur hugememoryoverheadcosts.

Reducingtheseoverheadgo optimize applicationperformance
requiresthatdatabe distributedwithin the machinesuchthatmost
accessearesatis ed by local memories Thedatadistribution may
be effectedby annotationsaddedto the sourcecode, by location
hintsin the OS or run-time systemresponsiblgor global dataal-
location, by compiler optimizationsand appropriatecoderestruc-
turing, or by automaticdataand threadmigration schemes.The
locality optimizationapproachwe describebelow is independent
of thedistribution mechanisnused.

Unfortunately optimizing datalocality canbe a comple task.
It requiresextensize knowledgeof anapplications dynamicaccess
behaior. Neither static approachesor application-independent,
run-time mechanismscan generatean optimal solution. Even
generatinggood solutionsusually requiresexploiting programmer
knowledgeof the applications behaior. We thereforebuilt anin-
teractve, graphicaltool that allows the userto visualize the dy-
namic,on-line accesdehaior of applications.Thetool givesthe
userthe necessarinformationto chooseanappropriatedatadistri-
bution to improve applicationperformance.

3 Tool Design and Implementation

This sectionrst describeourdesigngoals,thentheperformance-
monitoring supportprovided in hardware on our target platform,

along with the middleware layer that exploits thesecapabilities.
Our componentadhereto the Online Monitoring InterfaceSpec-
i cation (OMIS) [Bubak et al. 1999], making them retagetable
to othersystemsffering the requiredmonitoringcapabilities,and

makingtheminteroperablewith othertools working concurrently
onthesameapplication.

3.1 Design Requirements

We built our toolsetaccordingto a well de ned setof designre-
quirements:

Adjustable Level of Detail. A tool mustprovide userswith both
anoverview of thecompleteapplicationaccesdehaior, aswell as
views of the detailedbehaior within speci c executionregions,
suchasa singleloop nest,or dataseggments suchasanindividual
memorypage. This “telescoping”allows the userto begin with a
high-level behaioral view, andthento successiely re ne thefocus
to studyobsenedhotspotsandbottlenecks.

Ability to CorrelateBehavior with Data Structur es.A visual-
izationtool mustmapthe gatheredbehaioral databackto instruc-
tionsanddatastructureswithin thesourcecode.Sincememoryad-
dressesirenot staticallyvisible within anapplicationprogramit is
preciselythis correlationthatallowstheuserto achieve thetoolsets
endgoal of allowing explicitly stated,appropriatedataplacement
speci cationwithin thesourcecode.

Multiple-Phase Analysis. Behavior often changesn different
phaseof an application,and the visualizationof cumulative be-
havior alonemay hide thesedifferences A tool thereforeneedgo
shav accesgatternsin differentprogramphaseswhich may ei-
therbe explicitly speci ed or may beidenti ed by barriers,locks,
or othersynchronizatiormechanismsThis allows the userto de-
tectthe speci c locality requirement®f eachexecutionphaseand
henceenablesnorecomprehensk optimizationstratejies.

Online Data Processing To avoid the needfor storing perfor
mancedatain trace les (usually necessaryn post-mortemsys-
tems), a visualizationtool mustbe able to processacquireddata
online. This meanghatthe monitoringdatacanbe deliveredto the
visualizerateach‘time point” duringtheexecutionof thetarmgetap-
plication. In additionto avoid largetrace les, anothemdwantageof
theonlineapproacthis thatit allows the userto monitorthe current



statusof memoryoperationsvithouthaving to wait for executionto
complete.In this sensethe visualizationtool mustbe interactve,
allowing the userto issuerequestdor processingand visualizing
themonitoringdataasit is producedThis interactvity enableghe
userto choosethe mostappropriateof the variousgraphicalviews
for eachphaseof execution.

Ar chitecture Independence. To be most useful, a visualiza-
tion tool shouldbe generalandindependenbf ary speci ¢ target
architecture. The tool mustwork on top of ary parallelNUMA
systemequippedwith adequatemonitoringfacilities. In addition,
it shouldalsowork in cooperatiorwith simulationplatforms,since
thisallowsthe userto studyperformanceén greaterdetail,to replay
executionsandto studybehavior for futureNUMA systems.

Tool Inter operability. A performancevisualizationtool alone
is only one part of a setof tools requiredby usersto ef ciently
exploit NUMA architecturesln additiontoolslike deluggersjoad
balancersandcheckpointersneedto coexist andwork togetherin
acohesie performance-optimizatioarvironment.

3.2 Tool Infrastructure

Severalof theserequirementsspeci cally theneedfor Online Pro-

cessing Architectural Independenceand Interoperability, cannot
be satis ed within a monolithic tool, but ratherrequirea compre-
hensve monitoringinfrastructure Within the SMILE [Schulzetal.

2002bJandthe OMIS [Bubaket al. 1999]projects we have devel-

opedandimplementedsuchan infrastructurealongwith a toolset
for parallelanddistributed programming.An overview of this in-

frastructurds shaovn in Figure?2. It is composeaf threemodules:
hardware monitorsand otherlayersin an executionenvironment,
tool middleware for dataaggreation and interoperabilityissues,
andperformanceools capableof steeringthe executionof parallel
programs.This sectionbrie y outlinesthesecomponents.

toolset

visualization tool, adaptive runtime system, load balancer, ....

high level layers

node local resources

Tool Middleware

execution environment

Figure2: A tool ervironmentfor memoryperformanceuning.

NUMA Monitor. A prerequisitefor ary performancetuning
with respecto the memorysystemis accesgo informationabout
memorytransactionswithin that system. Generally suchperfor
mancedatais acquiredoy instrumentingheprogramcodeatsource
or objectlevel. In a sharedmemorysystem,however, hardware
monitorsare needed sincesharedmemorytrafc is implicit, oc-
curring at run-timethroughtransparentlyssuedoad andstoreop-
erations.In addition,sharedmemorycommunications very ne-
grained(normallyatwordlevel). Thisrendersodeinstrumentation
infeasible,asit would be necessaryo recordeachglobal memory
operation. This would slov down executionsigni cantly anddis-
tortthe nal monitoringto apointwhereit is unusabldor accurate
performanceanalysis. The only viable alternatve is to deploy a

minimally intrusive hardware monitoringfacility for observingthe
actuallink trafc of the NUMA interconnectiometwork.

We have designedsuch a hardware monitor [Hockauf et al.
2000]. It is capableof snoopinga synchronoudocal bus on the
network interface,over which all memorytransactiongrom andto
theprocessonodesaretransferredTheinformationcarriedby the
transactiongs extractedandstored rst in a setof counterarrays
andthendivertedinto aring buffer within the mainmemory From
therethe monitorinformationis availablefor furtherprocessindy
highersoftwarelayers.

In addition,the hardwaremonitorcanberesetandrestartediur-
ing programexecution. This enablesacquisitionof perphasein-
formationthatcanbeusedto analyzeapplications'dynamicaccess
patterns.

Themonitoringinformation,however, is purely basedon physi-
cal addressesThis propertyrenderst uselesgor directevaluation
at applicationlevel aswell asfor the parameterizatiomwf its pro-
grammabldogic at run-time. Hence otherlayersof the execution
ernvironmentareneededn orderto transformthephysicaladdresses
andto collectinformationaboutsynchronizatioroperationsyhich
generallyhave acritical performancémpacton sharednemoryap-
plications.

Middleware. The performancedatagatheredon one proces-
sor nodecomprisesonly memoryoperationsoriginatingfrom that
node. Tools, however, needto provide the userwith a global view
of themonitoredsystemandhencerequirecombineddatafrom all
nodes. A monitoring interfaceis neededto male the distributed
dataglobally accessibléo tools.

In addition, several sharedmemorytools operateon top of the
samesystem. It is desirablefor themto run concurrentlyattached
to the sameapplication,which raisesissueswith regardto interop-
erability. In this context, interoperabilitymeanghatseveralon-line
toolscanobsene andpossiblymodify the sametargetsystem.

We usethe OMIS/OCM monitoringsystemasthe interfacebe-
tweentools and the low-level executionand monitoring environ-
ment. OMIS (On-line Monitoring Interface Speci cation) [Bubak
et al. 1999] is a speci cation of an interface betweena pro-
grammableon-line monitoring systemfor distributed computing
andthetoolsthatresideontopof it. It offerstwo interfaces:onefor
theinteractionwith differenttools,andthe otherfor theinteraction
with the programand run-time systemlayers. OCM [Wismdller
1999]is anOMIS CompliantMonitoring systemadheringo OMIS.
It hasbeenimplementedfor a seriesof loosely coupledenviron-
ments, including clustersand NoWs, and hasinitially beende-
signedfor messaggassingtools. It is structuredinto a coreand
several extensions. As the former is designedto be independent
of ary programmingmodel or paradigm,it can be immediately
reusedfor sharedmemorymonitoring. To monitor remotemem-
ory accesseand synchronizationhowever, additionalextensions
wereaddedto recognizespecialconstructaisedin sharednemory
programmingincludingregionsof memory synchronizatiorstruc-
tures,andcoherencénformation.

Inter operable Toolset. On top of the tool middlewvare,a com-
prehensie toolsetfor sharedmemory applicationscan be devel-
opedanddeplo/edto retrieve, processanddisplaytheinformation
acquiredin the system. Thesetools potentially interoperatewith
eachotherto exchangeinformation,to coordinateinteractionwith
the application,andto prevent mutualdisturbancesFor instance,
adynamicloadbalancerequirespermissiorfrom anadaptve run-
time systemthat automaticallymigratesdatafor locality, whenit
decidego move a parallelprocesgo anothemode.

Thistoolsetcurrentlyincludessereraltoolsfor messagg@assing
basedon PVM [Wismilller et al. 1997], aswell astwo tools for
sharednemoryparadigms:ARS to transparentlymigratepageso
achieve abetterloadandlocality distribution[Taoetal. 2002],and
DLV to visualizelocality behaior [Tao et al. 2001]. The latter



is asimplepredecessaof thetool presentedn this work. While it
lackstheability to mapinformationto datastructuresandto display
informationseparateéh phasesit shavedtheinitial promiseof this
approach.

4 Visualizing Access Behavior

To satisfy the requirementsset forth above, we developeda new
locality visualizationtool thatprovidescomprehenske information
aboutapplicationaccespatternsThis projectbuilds on experience
from the DLV project. In this section,we describdts architecture
andpresenviews of thebehaioral datait gathers.

4.1 Software Architecture

The visualizationtool usesa client-serer infrastructureto coordi-
nateinteroperatioramongthe tamget system,users,andvisualiza-
tion facilities. As shawvn in Figure3, this infrastructurecontainsa
graphicaluserinterface(GUI), a sener, andthevisualizeritself.

Online GUI for
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Execution Control Parallel System
Online Steering NUMAOSyStem
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Execution Simulation

- Control

Monitoring
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Figure3: Thevisualizationinfrastructure.

The GUI is usedfor executioncontrol, view selection,andon-
line steering. It consistsof two different parts: the rst part al-
lows the userto specify commandsand parametergor executing
or simulatingan application,while the secondpartallows the user
to selecta graphicalview of interest.Controlinformationfor exe-
cutionis deliveredto the target systemsandvisualizationrequests
aretransferedo thesener. All componentsireconnectedhrough
TCP/IP links, allowing their physical distribution acrossthe sys-
tem. This meansthat the machinerunning the applicationunder
obsenration can operateseparatelyfrom the machinerunning the
actualvisualizationtools, which hasseveraladvantagesThe visu-
alizationtools canbe compute-intensi (or heasily useary other
machineresourcewithout interferingwith the performanceof the
tamgetapplicatiorbeingstudied andwhereappropriatespeciaken-
dering(or other)equipmenimay be exploited wherever it happens
to available.

As the coreof this infrastructure the sener recevesthe users
view selections.It thenmakesrequestgo the monitoringmiddle-
warefor performancelata,andinitiatesthe visualizerin prepara-
tion for generatinghe speci edgraphicalview. Thesenerhandles
userrequestgoncurrentlywith processinghedeliveredmonitoring
data.

Built on top of the sener, the visualizershavs the userthe re-
quired informationin easily understoodrepresentations.As the

sourcedatais usually not in the correctform for a speci c view,
the visualizercomponentalso performsappropriatedata Itering
andaggreation.

As noted above, performancedata for visualizationis gath-
eredby monitoringfacilities within the NUMA architecturesOur
hardware-monitomrojectis still in its initial phasesandsoto date
we have focusedon only two typesof monitors,but bothhave been
realizedin working hardware. In orderto further studythe locality
optimizationapproacheslescribecherein,alongwith otherkinds
of dataoptimizationtechniquedor NUMA architecturesye have
implemented e xible simulationplatformcalledSIMT [Taoetal.
2003]. While theinitial motivationwasto modelthehardwaremon-
itor, theresultingsimulationsystems a comprehensi toolkit that
senesasa performanceredictor systemmodelingtool for exper
imentingwith new designs.andapplicationoptimizer SIMT can
modela large rangeof NUMA systemswith varying numbersof
processoranddifferentmemoryhierarchiesaccesgatenciesand
datadistributions.

SIMT accuratelymodelsthe hardwaremonitordescribedn Sec-
tion 3.2andprovidesthesamenformationasthis hardwaremonitor
would do. The datapasseshroughthe OMIS/OCM infrastructure
andis compresse@nd preprocesseth the sameway it would be
in arealsystem.The simulationthereforemodelsthe sameinfras-
tructure, and henceenablesthe full testingand validation of the
visualizationtool, on the onehand,andthe useof thetool with its
full functionalityto optimizeapplicationspnthe other

4.2 Sample Views

Thevisualizationtool offersa setof views to showv the variousas-
pectsof memoryaccesseperformedon a parallel system. This
includesa few initial views [Tao et al. 2001] basedon virtual ad-
dressesand several higher level representationsoncerningdata
structuresanddynamicaccessingatterns.

The sampleviews we useto illustrate our tool's functionality
comefrom the SPLASH-2benchmarlsuite[Woo etal. 1995]. The
Fourier transformatiorprogram(FFT) hasa working setof 2[12]
datapoints, and the moleculardynamicsWATER codecomputes
anN-body problemfor 343molecules.

We modela clusterof x86 PCswith distributedsharedmemory
Eachnodeis modeledaccordingto thetiming propertiesof a Intel
Pentium-Illprocessorunningat500Mhz. Eachof theseprocessors
containsadirectmapped.1 cacheof 32 KBytesandatwo-way set
associatie L2 cacheof 512KBytes. In bothcachesthe cacheline
sizeis 32 Bytes.Accessesatis edby thelL1 cacheareassumedo
consumeonecycle,accesse® datain theL2 cachetencycles,and
accesse® memoryeither1000r 2000for local or remoteaccesses
respectrely. The systemusesa MESI protocol[Archibald 1988]
to maintainconsisteng betweercachen separateodes.For the
experimentsdn thefollowing sectionswe useeitherafour or eight
nodeclustercon guration.

Overview. First, the visualizationtool providesa 2D diagram
giving anoverview of the memoryaccessesn the completework-
ing set.Figure4 illustratesa samplediagramgeneratedby simulat-
ing FFT on ourfour-nodesystem.

This summarydiagrampresentsheaccesse® all virtual pages
by all processorsEachline in the diagramrepresents page with
its numbergiven on the left andthe locationimplied by the color
of the pagenumber Correspondingo eachpage,the numberof
accesseperformedby eachnodeis highlightedusingthe nodes'
speci ed colors. For the rst few pagesfor example,accesseare
performedby multiple nodesandnodeO (red, the rst one)hasis-
suedthe mostaccessedNotethatsomepagesareonly accessebdy
asinglenodethatis (unfortunatelynotthelocalone.Thisindicates
thatthesepagesshouldbe allocatedto thelocal nodeto reducethe
numberof remotememoryaccesses.



Figure4: Overview of all memoryaccesse&~FT).

Figure5: Accesseso datastructuregWATER).

Data Structure Correlation. The summarydiagramis not
always sufcient for generatingan optimized data distribution.
Ratherit shavstheuseranoverview andhighlightspotentialplaces
for locality improvements. For concreteoptimizations,the data
structureview is more suitable,sinceit directly shovs the mem-
ory accesseperformedon all working arraysin a program.

The datastructureview usestwo formsto adaptto differentdi-
mensionof arrays.For arraysof a singledimensionor higherthan
two dimensionsjt usessmall squarego shav the dominatingac-
cessegperformedon eachelementof anarray The elementsare
placedone after anotherwithin a diagramaccordingto their or-
der within the arrays. More diagramsmay be requiredfor large
arrayscontainingmore elementsthan a single diagramcan hold.
For two dimensionahrrays,a matrixis used.Again, smallsquares
representrray elementsandthey are placedinto the diagramto
representhe actualorderwithin the two dimensionalarray This
providesthe userwith a naturalandintuitive mappingto theactual
arrayorganizationin thesourcecode.

Figure5 illustratesa sampleview of the accesseto individual
moleculesin WATER, which evaluatesforcesand potentialsin a
systemof watermolecules.Eachblock in this diagramrepresents
anindividual molecule.The color of the blocksindicatesthe node
thatperformsthemostaccesse® the correspondinglatastructure

Figure6: Accessesvertime/phase$WATER).

(i.e.,the nodethatdominateshe accesses)This diagramhelpsdi-
rectuserdo allocatedataontotheir dominatingnodes.

Thecorrelationdbetweermemoryaccesgatternsaanddatastruc-
turesaredonewith supportof the tamget systems For this purpose
we usea mappingtablebetweerthe virtual addresseandthe cor
respondinglatastructures.This tableis initialized eitherby anno-
tationsintroducedinto the sourcecodeor by using symboltables
within the executablegshemseles. In eithercase this translation
is partof theservicefferedby the monitoringmiddlevare,andis
hiddenfrom theuser

Phases. In additionto the setof 2D views, the visualization
tool provides 3D views to exhibit perphaseaccesdehaior with
temporalinformation. Phasesareidenti ed by barriers,locks, or
othersynchronizatioomechanisms.

A sampleview for WATER is shown in Figure6. As canbe
seen,the 3D views shav the memoryaccesseperformedwithin
eachprogramphase. For eachphase,a 2D graphshows the ac-
cesse®n all virtual pagesof a program.Eachpageis represented
by a coloredbar shaving all accessefrom all nodes. The higher
the bar, the moreaccesseperformedby the correspondingodes.
This enablesasydetectionof thedominatingnodefor eachvirtual
page.In addition,the 3D view canberotated enablinga changeof
focusto anindividual phaseor obsenationof thechangesn access
behaior betweerphases.

Figure6 givesanexamplewith differentaccespatternsn differ-
ent phases.While mostpagesaredominantlyaccessetby the red
nodein the rst phaseothernodesare moreactie in the second
phase Thisindicateghatfor someapplicationsa specialallocation
shouldbe performedfor eachphase.An initial dataplacementc-
cordingto the static2D views potentiallycannotgeneratehe best
performance.An accumulatedriew acrossall phasesvould have
failed to shaw this behaior andwould have led to incorrectcon-
clusions.In additionto thesemulti-phaseviews, thetool allows the
restrictionof ary of the above 2D views to particularphasesgn-
ablingthe userto examinehotspotsandbottleneckon a perphase
basis.

5 Optimization of a Sample Code

The goal of our visualizationtool is to help the userin analyzing
therun-timedatalayoutof applicationsandthenin optimizingthe
sourcecodewith respecto datalocality. In thissectionwe demon-
stratevia an easy-to-follev samplecodehow one might go about



Figure7: Usingthe 2D datastructureview to nd thecorrectloca-
tion for theworking data.

thesetasks. We usethe LU programfrom the SPLASH-2bench-
marksuite.LU performsanLU-decompositiorfor densematrices.
The primary datastructureis the matrix beingdecomposedThis
matrixis dividedinto blocksaccordingo a userspeci edsize,and
eachprocessois assigneda subsebf thoseblocks. This program
hasbeenexecutedon an eight-processoPC clusterconnected/ia

the ScalableCoherentinterface (SCI) [Hellwagnerand Reinefeld
1999], a state-of-the-arNUMA interconnectiortechnologywith

low lateny andhigh bandwidth. The codeis basedon an SPMD
programmingnodel,andthe shareddatais distributedroundrobin
onthesystem.

The initial application performanceis rather poor and only
achievesa slight parallelspeedupver the sequentialersion. For
example,a speedumf 1.62hasbeengainedfor 8 processorsising
a64 64 matrix. To nd the causefor theseperformanceprob-
lems,we simulatedthe parallelexecutionof the LU codeusingthe
samecon gurationasthe cluster We usedour tool to visualizethe
memoryacces$ehaior andanalyzethe run-timedatalayout,and
thenwe usedthis informationto optimize the sourcecode. The
following stepsexplain this processn moredetail.

5.1 Static Optimization

Asthe rst step weexaminetheoverview diagramto seehow much
of the datais dominantlyaccessetby thelocal nodes.lIt turnsout
that mary accessesccurto remotememoriesandin mostcases
aclearlydominatingnodeexists. This initial obsenation suggests
thatwe canpro tably usethe 2D datastructureview to detectthe
predominanaccesset individual elementswithin the matrix.

Figure7 shavsthatmostmatrixelementareaccesseth blocks,
with subsequenlines predominantlyaccessedby the samenode.
For example,the rst few lines are predominantlyusedby node
one,while the next lines areaccessedhostby nodethree,andthe
following severallinesareusedby nodezero.This patternis neither
strictnoruniversallyapplicableafew arraycellsexperienceliffer-
entaccesbehaior. However, for coarse-grainedptimization,it is
notnecessaryo addressll specialcases.

Accordingto the obsened block characteristicsye reallocate
the LU matrix with all lines on their dominatingnodes.We again
runthe (now optimized)codeon the samecluster thistime achie/-
ing aspeedupf 3.2.

Figure8: Usingthe 3D view to analyzethe allocationrequirement
in differentprogramphases.

5.2 Using Per-phase Information

Evenwith our staticoptimization,the parallelspeedups still low
comparedo thenumberof processorsThis motivatesusto further
examinethe perphasenformationusingthe 3D view shawing alll
memoryaccesse® eachvirtual page.

Figure 8 shaws this phase-wiseD view for the LU code. The
memoryaccesdehaior of LU differs greatly from one program
phaseo thenext. For instanceall pagesareonly accessetly node
zeroin the rst phasewhich canbe deducedrom thefactthatthe
hostnode(in thiscasenodezero)performsdatainitialization before
computatiorstarts.In thefollowing phaseshowever, a signi cant
distinctioncanbeseenwith somepagesonly requiredby onenode,
andothersrequiredby morenodes.

The 3D view demonstratethatthe LU codecanbefurtheropti-
mizedby by taking phasesnto account.For this, we again usethe
2D datastructureviews. As anexample,Figure9 shavs accesses
tothematrixin the rst andseconchasesAs with the3D view, all
matrix elementareonly neededy nodezeroin the rst phaseand
shouldthereforebe allocatedon that node. For the secondphase,
the nodespredominantlyaccessingachmatrix line changesignif-
icantly requiringa memoryreallocationor datamigration. Other
phasesanbeanalyzedsimilarly, andfor eachphasea speci c data
distribution canbe chosen.We run the ne-tuned LU codeagain,
thistimerealizinga speedupf 5.4.

5.3 Summary

This optimizationof the LU codedemonstrateshe feasibility of

our approachWe have optimizedmostSPLASHapplicationsand
several own kernelsin the samemanner Our experimentsshov

thatfor mary applicationswith regular accesgatternssigni cant

improvementcanbe achiezed usingonly staticoptimizations.For

applicationswith dynamicallychangingaccessehaior, howvever,

perphaseoptimizations(determinedoy studyingthe 3D views, in

our exampleabove) may be necessaryWe arestill conductingini-

tial investigationswith ourframavork andtoolset,butin every case
sofar, we have succeedeih choosingmemorylayouts(basedon

experiencewith thevisualizationtool) thatintroducebetterdatalo-

cality andthereforedeliver higherperformance.



Figure9: Accessedgo the LU matrix in the rst (top) andsecond
phasgbottom).

6 Related Work

Visualizationtools are being widely usedin supportingthe pro-
grammergo understandhe executionandmemorybehaior of the
applications. Representate examplesare ParaGraph|PS-2 and
Paradyn,Pablo,andMView.

ParaGraplHeathandEtheridgel 991]is anexampleof theearly
classof trace-basedynamicvisualizationtools thatemphasizen
the optimizationof messag@assingcodesanddisplayof commu-
nicationnetwork topologies.ParaGraplsupportawo levelsof sys-
tem representatiorin detectingand tracking performancebottle-
necks. On the rst level, pro le datafor the completeprogram
executionis presented.On this level it is possibleto evaluatethe
systemperformanceandto identify the processostatesandnodes
that causeperformancdosses.On the next level, processproces-
sor statesandinteractionare displayedin detail over a time axis.
This allows to identify the sequencef actionswithin a program
that causeghe ef ciency lossesdetectedefore. However, asone
of the early performancevisualizationtools, ParaGrapts designis
basedntheassumptionthatthe applicationexecutionmodelmaps
directly to the programmingmodel. In addition, ParaGraphcan
only beusedfor arestrictechumberof nodesdueto theuseof trace
les.

IPS-2[Miller et al. 1990], a performancanstrumentatiorand
visualizationtool developedat the University of Wisconsin,re-
lies on a hierarchicalapproach.The hierarcly is represente@dsa
tree,wheretherootrepresentshe program,andbranchesepresent

machinesand processes.This allows to look at dataof the com-

pletesystemjndividual nodes processesndproceduresParadyn
[Miller etal. 1995],adirectdescendantf IPS-2,is a performance
measuremertbol for large-scalgarallelanddistributedprograms.
It builds on IPS-2exploratorymodelof bottleneckidenti cation by

supportinga dynamicnotion of performancanstrumentatiorand

measurementt providesa simpleinterfaceto visualizethe search
of bottleneckasing performancalatacollectedduring the instru-

mentedexecutionof a program.Both of them,the IPS-2andPara-

dyn, however, provide only asinglegraphicalinterfacewith simple

views, allowing thereforeno detailedanalysisof performanceot-

tlenecks.In addition,the detection®f causegor performancdoss

canbeinaccuratesincethey arebasedon prede nednotionwhich

lacksdynamicinformationandanalysis.

The Pablo researchgroup at the University of Illinois hasde-
velopedseveral performancenalysistools, including Pablo [Reed
etal. 1993]and SvPablo [DeRoseandPantano1999]. Pablois an
extensibleperformancdanstrumentatiorand analysistoolkit. The
designfocus of Pablo is on performanceanalysisvia a corse-
grainedgraphicaldata o w programmingmodel. Although orig-
inally developedto supportparallelsystemswith distributedmem-
ories, portionsof the Pablo infrastructurewerelater augmentedo
supportanalysisof applicationswritten in a variety of languages
andexecutingon both sequentiahndparallelsystems This effort,
derived from a joint projectbetweerthe University of lllinois and
the Rice Centerfor Researclon Parallel Computationyesultedin
SvRablo. SvRablois alanguagendependenperformanceanalysis
andvisualizationsystem.lt relieson a singleinterfacefor perfor
manceinstrumentatiorandvisualization.This interfacesupportsa
hierarcly of performancalisplays,rangingfrom color-codedrou-
tine pro les to detaileddataon the behaior of a sourcecodeline
on a single processor Performancealatais relatedto application
sourcecode using compile-timeprogramtransformations. How-
ever, the useof softwareinstrumentationn bothsystemgesultsin
a slowdown of the programs executionandthe necessityto store
largetrace les. Besideghis, they lack the ability to shav the key
performancessuedike communicatiorbottlenecksandsystemhot
spots.

MView [Boschetal. 2000]is a visualizationtool includedin an
evolving systenfor theanalysisandvisualizationof parallelappli-
cationperformancen sharednemorymultiprocessorsdlt is usedio
presentseveral detailedviews of the applications memorysystem
behaior. MView is composedf threeviews providing detailed
informationaboutthe memorysystembehaior of the application.
In thecodeview, MView displaysmemorystall timesin relationto
thesourcecode.Simplebarchartsareusedto indicatethetotal per
centageof memorystallsthatcanbe attributedto eachsource le.
Thememorwiew shavs memorystalltimesby physicalandvirtual
addresseddistogramsaredrawvn for eachphysicalcodeandfor vir-
tual memoryaddressesProcessitilization for eachArgusprocess
over time is shavn in the processview. A strip chartis drawn for
eachprocessindicatingthefractionof time the processpentdoing
usefulwork, waiting for requestso thelocalandremotememories,
anddescheduled.

In summaryall existing systemsiescribedbove useinstrumen-
tationfor datacollection,exceptthelastonewhichis basecn sim-
ulation. ParaGraphinstrumentsthe messageassingsubsystems
of distributedmemorymultiprocessorendPabloandParadynper
form instrumentatioron the applicationsthemseles. While these
systemdry to minimizethe perturbatiorcausedy datacollection,
the behaior of the applicationsunderstudyis still affectedby the
instrumentationin orderto avoid this problem thework presented
hererelieson hardwaremonitorswhich allow non-intrusve access
to bothmachinesaindprogramstates.

For thevisualizationgoal,thesesystemgocuson the utilization
of systemresourcesuchasCPU andprocessesThis kind of pre-



sentatioraimsatdirectingusergo improvethetaskschedulingvith
aresultof betterloadbalancing.Unlike them,thevisualizationtool
describedn this paperfocuseson the memorysystemwith a goal
of improving the run-time datalocality. At this point of view, the
MView memorysystenvisualizationhasdonesimilar work. How-
ever, MView providesonly informationaboutmemorystall times
andcannot be usedto specifya correctplacemenbf data.In con-
trast, our visualizationtool presentsarbitrary aspectof an appli-
cation's memoryaccessehaior andis ableto directthe userto
detectandcorrectcommunicatiorhot spotsandbottlenecks.

As for datalocality optimizationsthe coregoalof thisvisualiza-
tion tool, onecloserwork is the Dprof pro ling tool [Cortesil998]
developedby SGI. Dprof samplesa programduring its execution
and recordsthe programs memory accessinformation as a his-
togram le. This histogramcanbe manuallyplottedusinggnuplot
allowing to detectthe regionsof virtual memorywhich a threadof
the programaccesseandto furtherdirectthe explicit placemenbf
speci ¢ virtual memoryrangeon particularnodes. The Dprof re-
port, however, is basedon statisticalsamplingand doestherefore
notrecordall referencesln addition,numbersof memoryaccesses
areshavn at pagegranularity allowing no detailedunderstanding
of accessesvithin a single page. This restrictsthe accurag of
memorybehaior analysisand prohibits a properspeci cation of
an optimal datalayout. More importantly Dprof doesnot inte-
grateary graphicalrepresentationfor presentinghe memoryper
formancedata. Programmershereforehave to useotherexternal
toolsto createunderstandabldiagrams.In contrastthis approach
providesthe userwith a comprehensi visualizationtoolkit, en-
ablinganobsenationof the memoryaccesgpatternandadetection
of accessotspots.

7 Conclusions and Continuing Work

Optimizing the performanceof shared-memorlNUMA programs
is extremelydif cult: theinteractionsamongtheparalleinodesand
amonghelayersof thesystemaremary, comple, andoftensubtle.
Performanceéuningis thusstill somethingpf ablackart. Mitig ating

this problemwill helpremore theremainingbarriersto adoptionof

a classof architectureghat are otherwisevery attractve: shared-
memoryNUMA machinesare easyto program(if not optimize),
costef cient, andmuchmorescalableghantheir SMP cousins.

We have developeda performancenonitoringinfrastructureand
correspondingsetof toolsto aid in visualizingandunderstanding
thesubtletief thememoryaccesbehaior of paralleINUMA ap-
plicationswith large datasetsThetoolsaredesignedo begeneral,
interactive, interoperableandportable.

Our other articles explain details of the underlying hardware
monitoring support[Hockauf et al. 2000] and the software com-
ponentf the experimentakystemWismiiller 1999;Schulzetal.
2002b;Schulzet al. 2002a]usedto generatehe datashavn here.
In this paperwe have presentedietailedexamplesof the useof our
tool to displaymary differentviews of thedynamicmemoryaccess
behaior of a running application. Theserangefrom views that
provide anoverview of thetotal applicationbehaior to views that
map performancedatato individual datastructuresand elements.
All views provide anadjustabldevel of detailandcanberestricted
to individual programphases.

We have usedthis memoryaccessisualizationtool pro tably
on arangeof applications.It succeedsn corveying the informa-
tion requiredfor theuserto optimizethe applicationdatalayout. In
fact, evenwith just the relatively straightforvardlocality visualiz-
ing capabilitiesdescribedhere we achieve impressve performance
improvements averagingspeedup®f 90% acrossall applications
usedin this study

Thisencouragingesultmotivatesusto continuethisresearclui-
rection. Extension®f thistool will includethesupportfor dynamic

datastructureslik e lists andtrees,andthe useof special3D graph-
ics hardware. The latter will allow the userto bettercomprehend
large datasetsandto more preciselysteerthe evaluation. We'll
alsoextendthe scopeof the toolsetfrom memoryperformancen
NUMA systemsto memory systemsin general,including cache
performanceand memoryaccesscheduling. The resultwill be a
comprehenske andversatilememoryperformanceoolset.
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Figure5: Accesseso data structur es(WATER). Figure 8: Using the 3D view to analyzethe allocation require-
ment in differ ent program phases.

Figure 6: Accessesver time/phasegWATER). Figure9top: Accesseso the LU matrix in the rst phase.

Figure 7: Using the 2D data structure view to nd the correct Figure 9 bottom: Accessesto the LU matrix in the second
location for the working data. phase.



