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Abstract
GPUs have recently attractedthe attentionof many application
developersas commoditydata-parallelcoprocessors.The newest
generationsof GPU architectureprovide easierprogrammability
andincreasedgeneralitywhile maintainingthe tremendousmem-
ory bandwidthandcomputationalpower of traditionalGPUs.This
opportunityshouldredirectefforts in GPGPUresearchfrom adhoc
portingof applicationsto establishingprinciplesandstrategiesthat
allow ef�cient mappingof computationto graphicshardware. In
thiswork wediscusstheGeForce8800GTX processor's organiza-
tion, features,andgeneralizedoptimizationstrategies.Key to per-
formanceon this platform is usingmassive multithreadingto uti-
lize the large numberof coresand hide global memory latency.
To achieve this, developersfacethechallengeof striking theright
balancebetweeneachthread'sresourceusageandthenumberof si-
multaneouslyactive threads.The resourcesto manageincludethe
numberof registersandthe amountof on-chipmemoryusedper
thread,numberof threadspermultiprocessor, andglobalmemory
bandwidth.We also obtain increasedperformanceby reordering
accessesto off-chip memoryto combinerequeststo the sameor
contiguousmemorylocationsandapplyclassicaloptimizationsto
reducethe numberof executedoperations.We apply thesestrate-
giesacrossa variety of applicationsanddomainsandachieve be-
tweena10.5Xto 457Xspeedupin kernelcodesandbetween1.16X
to 431X totalapplicationspeedup.

Categoriesand SubjectDescriptors D.1.3 [Software]: Program-
mingTechniques—ConcurrentProgramming

GeneralTerms Design,Performance,Languages

Keywords parallelcomputing,GPUcomputing

1. Intr oduction
As a result of continueddemandfor programmability, modern
graphicsprocessingunits (GPUs)suchas the NVIDIA GeForce
8 Seriesare designedas programmableprocessorsemploying a
large numberof processorcores[20]. With the addition of new
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hardware interfaces,programmingthemdoesnot requirespecial-
izedprogramminglanguagesor executionthroughgraphicsappli-
cationprogramminginterfaces(APIs),aswith previousGPUgen-
erations.This makesan inexpensive, highly parallelsystemavail-
ableto a broadercommunityof applicationdevelopers.

The NVIDIA CUDA programmingmodel [3] wascreatedfor
developingapplicationsfor thisplatform.In thismodel,thesystem
consistsof a hostthat is a traditionalCPU andoneor morecom-
pute devices that are massively data-parallelcoprocessors.Each
CUDA device processorsupportsthe Single-ProgramMultiple-
Data (SPMD) model [8], widely available in parallel processing
systems,whereall concurrentthreadsarebasedon thesamecode,
althoughthey maynot follow exactly thesamepathof execution.
All threadssharethesameglobaladdressspace.

CUDA programmingis donewith standardANSI C extended
with keywords that designatedata-parallelfunctions,called ker-
nels, and their associateddatastructuresto the computedevices.
Thesekernelsdescribethe work of a single threadand typically
are invoked on thousandsof threads.Thesethreadscan, within
developer-de�ned bundlestermedthread blocks, sharetheir data
and synchronizetheir actions through built-in primitives. The
CUDA runtimealsoprovideslibrary functionsfor device memory
managementanddatatransfersbetweenthehostandthecompute
devices.Onecanview CUDA asa programmingenvironmentthat
enablessoftwaredevelopersto isolateprogramcomponentsthatare
rich in dataparallelismfor executionon a coprocessorspecialized
for exploiting massive dataparallelism.An overview of theCUDA
programmingmodelcanbefoundin [5].

The �rst versionof CUDA programmingtoolsandruntimefor
the NVIDIA GeForce8 SeriesGPUshasbeenavailable through
beta testingsinceFebruary2007. To CUDA, the GeForce 8800
GTX1 consistsof 16 streamingmultiprocessors (SMs),eachwith
eightprocessingunits,8096registers,and16KB of on-chipmem-
ory. It hasa peakattainablemultiply-add performanceof 345.6
single-precisionGFLOPS2, features86.4GB/smemorybandwidth,
contains768MB of mainmemory, andincurslittle costin creating
thousandsof threads.Thearchitectureallows ef�cient datasharing
andsynchronizationamongthreadsin thesamethreadblock [18].

A uniqueaspectof this architecturerelative to other parallel
platforms is the �e xibility in the assignmentof local resources,
suchas registersor local memory, to threads.EachSM can run
a variablenumberof threads,and the local resourcesaredivided
amongthreadsas speci�ed by the programmer. This �e xibility

1 There are several versionsof the GeForce 8800 GPU. Referencesof
GeForce8800areimplied to betheGTX model.
2 Particularmixesof instructionscanachieve higherthroughput,aswill be
explainedin Section3.



allows more tuning of applicationperformancebut changesthe
assumptionsdeveloperscanmake whenperformingoptimizations.
Wediscusstheseissuesin furtherdetail.

Anotherquestionwe addressis how well applicationscanex-
ecuteon the GeForce8800andwhat are the designfeaturesthat
contribute to or limit performance.As a collaborative effort be-
tweenindustryandacademia,a setof completenumericalappli-
cationswasportedandevaluatedon the CUDA platform.Several
applicationresearchgroupsin theareasof medicalimaging,molec-
ular dynamics,computationalchemistry, electromagneticanalysis,
andscienti�c visualizationcontributedto thiseffort. Thefollowing
arethemajorprincipleswhenchoosingcodeto beexecutedon this
platform:

1. Leverage zero-overheadthreadschedulingto hidememoryla-
tency. OntheGeForce8800thereare128executionunitsavail-
able for use,requiringhundredsof threadsto completelyoc-
cupy them.In addition,threadscanbe starved of datadue to
the long latency to global memory. Thegeneralphilosophyof
CUDA for toleratingthis latency is to generateand maintain
thousandsof threadsin �ight. This is in contrastwith the use
of largecachesto hidememorylatenciesin CPUdesigns.De-
velopersusedto traditionalmulticoresystemsmayneedto de-
�ne threadsat a �ner granularityin order to generateenough
threads.In addition,a high compute-to-memory-accessratio is
necessaryto avoid saturationof memorychannels.

2. Optimizeuseof on-chipmemoryto reducebandwidthusageand
redundantexecution.Working memorywithin a groupof cores
consistsprimarily of a register�le anda software-managedon-
chip memorycalled shared memory. Theseare high fan-out,
low latency, limited-capacitymemorieswhich are partitioned
amongthreadblocksthatareassignedto thesameSM at run-
time.Thedatain sharedmemorycanbesharedamongthreads
in a threadblock, enablinginterthreaddata reuse.An incre-
mental increasein the usageof registersor sharedmemory
per threadcan result in a substantialdecreasein the number
of threadsthatcanbesimultaneouslyexecuted.

3. Groupthreadsto avoidSIMD penaltiesandmemoryport/bank
con�icts. CUDA is basedon the SPMD model, but its cur-
rent implementationon the GeForce 8800 imposesSingle-
Instruction, Multiple-Data (SIMD) mode among subsetsof
threads.The latter differs from the short-vectorSIMD present
in mostcontemporaryprocessors.This is a cost-effective hard-
ware model for exploiting data parallelism and allows the
GeForce8800to shareoneinstructionissueunit amongeight
executionunits. However, it canbe ineffective for algorithms
that require diverging control �o w decisionsin data-parallel
sections.In somealgorithms,threadscan be reorganizedto
avoid divergentcontrol �o w. Appropriatethreadgroupingcan
alsopreserve performanceby avoiding port andbankcon�icts
in memories.

4. Threadswithin a threadblock can communicatevia synchro-
nization,but there is no built-in global communicationmecha-
nismfor all threads.This avoids the needfor virtualizationof
hardwareresources,enablesthe executionof the sameCUDA
programacrossprocessorfamily memberswith avaryingnum-
berof cores,andmakesthehardwarescalable.However, it also
limits thekindsof parallelismthatcanbeutilized within a sin-
glekernelcall.

We �rst discussrelatedwork in Section2. Section3 introduces
the threadingmodel and execution hardware. Section4 demon-
stratesthe optimizationprocesswith in-depthperformanceanal-
ysis,usingmatrixmultiplicationkernels.Section5 presentsseveral
studiedapplicationswith performanceandoptimizationinforma-

tion. We concludewith some�nal statementsandsuggestionsfor
futurework.

2. RelatedWork
Dataparallelprogramminglanguagesareconsideredanintermedi-
ateapproachbetweenautomaticparallelizationefforts [7, 28] and
explicit parallelprogrammingmodelssuchasOpenMP[19] to sup-
port parallelcomputing.Fortran90 [6] was the �rst widely used
languageandin�uencedfollowing dataparallellanguagesby intro-
ducingarrayassignmentstatements.Similar to arrayassignments
in Fortran90 is the lock stepexecutionof eachsingle instruction
in threadsexecutingsimultaneouslyon a streamingmultiprocessor
in CUDA programmingmodel.Later, High PerformanceFortran
(HPF)[15] wasintroducedasanstandarddataparallellanguageto
supportprogramswith SPMD. However, complexity of datadis-
tributionandcommunicationoptimizationtechniques,asdiscussed
in the �nal two chaptersof [13], werea hard-to-solve challenge.
As aresultapplicationdevelopersbecamemoreinvolvedin explic-
itly handlingdatadistribution andcommunication;messagepass-
ing librariessuchas[23] becameapopularprogrammingmodelfor
scalableparallelsystems.Similarly in CUDA, thedeveloperexplic-
itly managesdatalayout in DRAM memoryspaces,datacaching,
threadcommunicationwithin threadblocksandotherresources.

The interestin GPGPUprogramminghasbeendriven by rel-
atively recentimprovementsin the programmabilityof graphics
hardware. The releaseof Cg [16] signi�ed the recognitionthat
GPUswereprogrammableprocessorsandthat a higher-level lan-
guagewasneededto developapplicationson them.Othersfelt that
theabstractionsprovidedby Cg andothershadinglanguageswere
insuf�cient andbuilt higher-level languageconstructs.Brook [9]
enablestheusageof theGPUasa streamingcoprocessor. Acceler-
ator[26] is anothersystemthatusesdata-parallelarraysto perform
general-purposecomputationon theGPU.A Microsoft C# library
provides datatypesand functionsto operateon data-parallelar-
rays.Data-parallelarraycomputationis transparentlycompiledto
shaderprogramsby the runtime.Otherefforts to provide a more
productive streamprocessingprogrammingenvironmentfor devel-
opingmulti-threadedapplicationsincludetheRapidMindStream-
ing ExecutionManager[17] andPeakStreamVirtual Machine[4].
Thesemainly targetHPCapplicationsthatareamenableto stream
processing.Theachievedperformancemaybebehindcustomized
GPU/CPUcodedueto thevirtual machineanddynamiccompila-
tion overhead.We referthereaderto a review of themainbodyof
work doneto mapgeneralpurposecomputationto GPUsby Owens
etal. in [21].

In general,previous GPU programmingsystemslimit the size
andcomplexity of GPUcodedueto theirunderlyinggraphicsAPI-
basedimplementations.CUDA supportskernelswith muchlarger
codesizeswith a new hardwareinterfaceandinstructioncaching.

PreviousGPUgenerationsandtheir APIs alsorestrictedtheal-
lowed memoryaccesspatterns,usually allowing only sequential
writes to a linear array. This is dueprimarily to limits in graph-
ics APIs andcorrespondinglimits in thespecializedpixel andver-
tex processors.Acceleratordoesnot allow accessto an individual
elementin parallel arrays:operationsare performedon all array
elements.Brook alsoexecutesits kernel for every elementin the
stream,with someexceptions.TheGeForce8800allows for gen-
eral addressingof memoryvia a uni�ed processormodel,which
enablesCUDA to performunrestrictedscatter-gatheroperations.

TraditionalGPUsalsoprovidedlimited cachebandwidth.Fata-
halianet al. discussin [11] that low bandwidthcachedesignson
GPUslimit thetypesof applicationsfrom bene�ting from thecom-
putationalpower availableon thesearchitectures.Work discussed
in [12] usesananalyticalcacheperformancepredictionmodelfor
GPU-basedalgorithms.Their resultsindicate that memoryopti-



mizationtechniquesdesignedfor CPU-basedalgorithmsmay not
bedirectlyapplicableto GPUs.With theintroductionof reasonably
sizedlow-latency, on-chipmemoryin new generationsof GPUs,
this issueandits optimizationshave becomelesscritical.

A programminginterfacealternative to CUDA is availablefor
the AMD StreamProcessor, using the R580 GPU, in the form
of the Close to Metal (CTM) computeruntime driver [1]. Like
CUDA, CTM can maintain the usageof the GPU as a graphics
engine;however, insteadof abstractingaway architecture-level in-
structions,CTM completelyexposestheISA to theprogrammerfor
�ne-grainedcontrol.Furthermore,theR580continuesto resemble
previous generationGPUswith their divided architecturefor ver-
tex and pixel processing,whereasthe GeForce 8800 hasa more
general,uni�ed model.This is presentedin thenext section.

Intel'sC for HeterogeneousIntegration(CHI) programmingen-
vironment[27] is adifferentapproachto tightly integrateaccelera-
torssuchasGPUsandgeneralpurposeCPUcorestogetherbased
on theproposedEXOCHI [27] model.EXOCHI supportsa shared
virtual memoryheterogeneousmulti-threadedprogrammingmodel
with minimal OS intrusion.In CUDA executionmodel,GPU is a
device with a separateaddressspacefrom CPU. As a result,all
datacommunicationandsynchronizationbetweenCPU andGPU
is explicitly performedthroughtheGPUdevice driver.

3. Ar chitectureOverview
TheGeForce8800GPUis effectively a largesetof processorcores
with the ability to directly addressinto a global memory. This al-
lows for amoregeneraland�e xible programmingmodelthanpre-
viousgenerationsof GPUs,makingit easierfor developersto im-
plementdata-parallelkernels.In this sectionwe discussNVIDIA 's
ComputeUni�ed Device Architecture(CUDA) andthemajormi-
croarchitecturalfeaturesof the GeForce 8800.A more complete
descriptioncan be found in [3, 18]. It shouldbe notedthat this
architecture,althoughmoreexposedthanprevious GPU architec-
tures,still hasdetailswhich have notbeenpublicly revealed.

3.1 Thr eadingModel

The CUDA programmingmodel is ANSI C extendedby several
keywords and constructs.The GPU is treatedas a coprocessor
thatexecutesdata-parallelkernelcode.The usersuppliesa single
sourceprogramencompassingbothhost(CPU)andkernel(GPU)
code.Theseareseparatedandcompiledasshown in Figure1. Each
CUDA programconsistsof multiple phasesthat are executedon
either the CPU or the GPU. The phasesthat exhibit little or no
dataparallelismareimplementedin host(CPU)code,which is ex-
pressedin ANSI C andcompiledwith thehostC compilerasshown
in Figure1. The phasesthat exhibit rich dataparallelismare im-
plementedaskernelfunctionsin thedevice (GPU)code.A kernel
function de�nes the codeto be executedby eachof the massive
numberof threadsto be invoked for a data-parallelphase.These
kernelfunctionsarecompiledby theNVIDIA CUDA C compiler
and the kernel GPU object codegenerator. Thereare several re-
strictionson kernelfunctions:theremustbeno recursion,no static
variabledeclarations,andanon-variablenumberof arguments.The
hostcodetransfersdatato andfrom theGPU's globalmemoryus-
ing API calls. Kernel codeis initiated by performinga function
call.

Threadsexecutingon the GeForce 8800 are organizedinto a
three-level hierarchy. At the highestlevel, all threadsin a data-
parallelexecutionphaseform agrid; they all executethesameker-
nel function.Eachgrid consistsof many threadblocks.A grid can
be at most216 � 1 blocks in eitherof two dimensions,andeach
block hasuniquecoordinates.In turn,eachthreadblock is a three-
dimensionalarrayof threads,explicitly de�ned by theapplication
developer, thatis assignedto anSM. Theinvocationparametersof
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Figure1. CUDA CompilationFlow

a kernel function call de�ne the organizationof the sizesanddi-
mensionsof the threadblocksin thegrid thusgenerated.Threads
alsohave uniquecoordinatesandup to 512 threadscanexist in a
block.Threadsin ablockcansharedatathrougha low-latency, on-
chip sharedmemoryandcanperformbarrriersynchronizationby
invoking the syncthreads primitive. Threadsareotherwisein-
dependent;synchronizationacrossthreadblockscanonly besafely
accomplishedby terminatingakernel.Finally, thehardwaregroups
threadsin a way that affects performance,which is discussedin
Section3.2.

An applicationdeveloperfor this platformcancompileCUDA
codeto an assembly-like representationof the codecalled PTX.
PTX is not natively executed,but is processedby a run-timeen-
vironment,makingit uncertainwhat instructionsareactuallyexe-
cutedon a cycle-by-cycle basis.Two exampleswe have observed
aresimplecasesof loop-invariant codethat canbe easilymoved
andbrancheswhich aresplit into conditionevaluationsandpredi-
catedjumpinstructions.However, PTX is generallysuf�cient in the
initial stagesof estimatingresourcerequirementsof anapplication
andoptimizingit.

3.2 BaseMicr oarchitecture

Figure 2 depicts the microarchitectureof the GeForce 8800. It
consistsof 16 streamingmultiprocessors(SMs), eachcontaining
eight streamingprocessors (SPs),or processorcores,running at
1.35GHz.Eachcoreexecutesasinglethread's instructionin SIMD
(single-instruction,multiple-data)fashion,with theinstructionunit
broadcastingthecurrentinstructionto thecores.Eachcorehasone
32-bit,single-precision�oating-point, multiply-addarithmeticunit
thatcanalsoperform32-bit integerarithmetic.Additionally, each
SM hastwo specialfunctionalunits (SFUs),which executemore
complex FP operationssuchas reciprocalsquareroot, sine,and
cosinewith low multi-cycle latency. The arithmeticunits andthe
SFUsare fully pipelined,yielding 388.8 GLOPS(16 SMs * 18
FLOPS/SM* 1.35GHz)of peaktheoreticalperformancefor the
GPU.

EachSM has8192registerswhich aredynamicallypartitioned
amongthe threadsrunningon it. Non-registermemorieswith dis-
tinctive capabilitiesandusesaredescribedin Table1 anddepicted
in Figure2. Variablesin thesourcecodecanbedeclaredto reside
in global, shared,local, or constantmemory. Texture memoryis
accessedthroughAPI calls which compileto specialinstructions.
Bandwidthto off-chip memoryis veryhighat86.4GB/s,but mem-
ory bandwidthcansaturateif many threadsrequestaccesswithin
a shortperiodof time. In addition,this bandwidthcanbeobtained
only whenaccessesarecontiguous16-wordlines;in othercasesthe
achievablebandwidthis a fractionof themaximum.Optimizations
to coalesceaccessesinto 16-wordlinesandreusedataaregenerally
necessaryto achieve goodperformance.

Thereareseveral non-storagelimits to the numberof threads
that canbe executedon the system.First, a maximumof 768 si-
multaneouslyactive threadcontexts is supportedperSM. Second,
anintegral numberof up to eight threadblockscanberun perSM
at onetime. Thenumberof threadblocksthataresimultaneously
residentonanSM is limited by whichever limit of registers,shared
memory, threads,or threadblocksis reached�rst. Thishastwo con-



Table1. Propertiesof GeForce8800Memories
Memory Location Size Hit

Latency
Read-
Only

Program
Scope

Description

Global off-chip 768MB
total

200-300
cycles

no global LargeDRAM. All dataresidehereat thebeginningof execution.Directly addressablefrom a kernel
usingpointers.Backingstorefor constantandtexturememories.Usedmoreef�ciently whenmultiple
threadssimultaneouslyaccesscontiguouselementsof memory, enablingthe hardware to coalesce
memoryaccessesto thesameDRAM page.

Local off-chip up to
global

same as
global

no function Spacefor registerspilling, etc.

Shared on-chip 16KB
per
SM

' register
latency

no function Localscratchpadthatcanbesharedbetweenthreadsin athreadblock.Organizedinto 16banks.Does
not appearto have errordetection.If instructionsissuedin thesamecycle accessdifferentlocations
in thesamebank,abankcon�ict stalloccurs.It is possibleto organizeboththreadsanddatasuchthat
bankcon�icts seldomor neveroccur.

Constant on-chip
cache

64KB
total

' register
latency

yes global 8KB cacheper SM, with dataoriginally residingin global memory. The 64KB limit is setby the
programmingmodel. Often usedfor lookup tables.The cacheis single-ported,so simultaneous
requestswithin anSM mustbeto thesameaddressor delayswill occur.

Texture on-chip
cache

up to
global

> 100
cycles

yes global 16KB cachepertwo SMs,with dataoriginally residingin globalmemory. Capitalizeson2D locality.
Canperformhardware interpolationandhave con�gurable returned-valuebehavior at the edgesof
textures,bothof which areusefulin certainapplicationssuchasvideoencoders.
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Figure2. BasicOrganizationof theGeForce8800

sequences.First, optimizationmay have negative effects in some
casesbecausesmallchangeshavemultiplicative resourceusageef-
fects(dueto the largenumberof threads)that causefewer thread
blocksandthusthreadsto besimultaneouslyexecuted.Second,it
is relatively easyto be “trapped” in a local maximumwhenhand-
optimizingcode.Developersmayneedto try widely varying con-
�gurations to �nd onewith satisfactoryperformance.

Duringexecution,threadswithin ablockaregroupedinto warps
of 32 parallel threads,which are the granular multi-threading
schedulingunit. Warps are formed from continuoussectionsof
threadsin a threadblock: the �rst 32 threadsin a block form the
�rst warp,etc.Althoughwarpsarenotexplicitly declaredin CUDA
code,knowledgeof themcanenableusefulcodeanddataoptimiza-
tions on the GeForce8800.A scoreboardindicateswhenall of a
warp's operandsarereadyfor execution.It thenexecutesthesame
instructionfor the32 threadsin thewarp.An SM issuesonly one
instructionat a time for all threadsin a warp; whenthreadsin a
warptake differentcontrolpaths,it is assumedthatmultiplepasses
with suppressionof threadsondivergentpathsarerequiredto com-
pleteexecution.It is generallydesirableto groupthreadsto avoid
this situation.If a threadblock is not evenly divisible by thewarp
size,any remainingissueslotsarewasted.

An SM can perform zero-overheadschedulingto interleave
warpsandhide the latency of global memoryaccessesand long-
latency arithmeticoperations.Whenonewarp stalls, the SM can

quickly switch to a readywarp residentin the SM. The SM stalls
only if thereareno warpswith readyoperandsavailable.Schedul-
ing freedomis high in many applicationsbecausethreadsin dif-
ferentwarpsareindependentwith theexceptionof explicit barrier
synchronizationsamongthreadsin thesamethreadblock.

In summary, there are hard limits to the memories,threads,
and total bandwidthavailable to an application running on the
GeForce8800.Managingtheselimits is critical whenoptimizing
applications,but strategiesfor avoiding onelimit cancauseother
limits to behit. They canalsoreducethenumberof threadblocks
thatcanrun simultaneously. In addition,managingthebehavior of
threadssothatthosein thesamewarpfollow thesamecontrolpaths
andloadcontiguousvaluesfrom globalmemorycanalsoimprove
performance.

4. Performanceand Optimization
Thissectionusesamicrobenchmarkto demonstratehow theproper
balancingof sharedresourceusageis critical to achieving ef�cient
executionresourceutilization and thus high performanceon the
GeForce8800.Thereare threebasicprinciplesto considerwhen
optimizinganapplicationfor theplatform.First, the�oating point
throughputof an applicationdependson the percentage of its in-
structionsthat are �oating point operations. The GPU is capable
of issuing172.8billion operationsper secondon the SPs.These
includefusedmultiply-addoperations,which we countastwo op-
erationsfor throughputcalculations.If 1/4 of an application's in-
structionmix are fusedmultiply-adds,then its performancecan
be at most 2 * 1/4 FP * 172.8 billion ops per second= 86.4
GFLOPS.This performanceis reachedwhentheSPsarefully oc-
cupied,whichis achievablein anapplicationthathasmany threads,
doesnot have many synchronizations,anddoesnot stressglobal
memorybandwidth.In this situation,reducingthe numberof in-
structionsthatdo not contribute to datacomputationgenerallyre-
sultsin kernelspeedup.However, maximizingcomputationalef�-
ciency canbechallenging,dueto discontinuitiesin theoptimization
space[22].

Second,whenattemptingto achievean application's maximum
performance, theprimary concernoftenis managing global mem-
ory latency. Thisisdonebycreatingenoughthreadsto keepSPsoc-
cupiedwhile many threadsarewaitingonglobalmemoryaccesses.
As previously stated,threadsmay needto of a �ner granularity
thanthosefor traditionalmulticoreexecutionto generateenough
threads.Therequirednumberof threadsdependsonthepercentage
of global accessesandother long-latency operationsin an appli-
cation:applicationsconsistingof a small percentageof theseop-
erationsrequirefewer threadsto achieve full SPoccupancy. The



limit on registersandsharedmemoryavailableper SM can con-
strain the numberof active threads,sometimesexposingmemory
latency. We show oneexamplewherethe useof additionalregis-
tersin anattemptedoptimizationallows onefewer threadblock to
bescheduledperSM, reducingperformance.

Finally, global memorybandwidth can limit the throughput
of the system. Increasingthe number of threadsdoes not help
performancein this situation.Alleviating the pressureon global
memory bandwidthgenerallyinvolves using additional registers
and sharedmemory to reusedata, which in turn can limit the
numberof simultaneouslyexecutingthreads.Balancingtheusage
of theseresourcesis often non-intuitive and someapplications
will run into resourcelimits other than instruction issueon this
architecture.

The examplewe useto illustrate theseprinciples is a matrix
multiplicationkernel.In matrix multiplication,thevalueof anele-
mentin theresultmatrixis calculatedby computingthedotproduct
of thecorrespondingrow of the�rst matrix andcolumnof thesec-
ond matrix. For this examplewe assumedenselypopulatedinput
matrices.Weanalyzeseveralcodeversionsandtheirsustainedper-
formancewhenmultiplying two squarematriceswith a heightand
width of 4096elements.The statedresourceusageis for CUDA
version0.8; laterversionsof CUDA mayhave differentusages.

4.1 Initial CodeVersion

We begin with a simpleversionof matrix multiplication.Thema-
trix multiplication kernelcreatesa threadfor eachresultelement
for themultiplication,for a total of 4K*4K threads.Many threads
arecreatedin anattemptto hide the latency of global memoryby
overlappingexecution.Thesethreadsloop througha sequencethat
loadstwo valuesfrom global memory, multiplies them,andaccu-
mulatesthe value. Figure 3(a) shows the core loops of the dot-
productcomputationkernel;startingvaluesfor indexA, indexB,
andindexC aredeterminedby blockandthreadcoordinates,which
thehardwaresupports.This codeusesten registersper thread,al-
lowing themaximumof 768 threadsto be scheduledperSM. For
convenience,we groupthemasthreethreadblocksof 256threads
each.

Performancefor this codeis 10.58GFLOPS,which is lower
thanhighly optimizedlibrariesexecutingon a CPU usingSIMD
extensions.By examining the PTX for this code, we �nd that
there is approximately3 one fusedmultiply-add out of eight op-
erationsin the inner loop, for a estimatedpotentialthroughputof
43.2GFLOPS.Becausewe have themaximumnumberof threads
scheduledper SM, the bottleneckappearsto be global memory
bandwidth.1/4of theoperationsexecutedduringtheloopareloads
from off-chip memory, which would requirea bandwidthof 173
GB/s (128 SPs* 1/4 instructions* 4 B/instruction* 1.35GHz)to
fully utilize theSPs.4 Thus,thestrategy for optimizingthis kernel
is to improve datareuseandreduceglobalmemoryaccess.

4.2 Useof Local Storage

In Figure3(a), althoughthe computationsof two resultelements
in the samerow or column sharehalf their input data(the same
indexA or indexB values), the previous code accessesglobal
memory for eachdatum in every thread.A commonoptimiza-
tion for this type of accesspatternis to enhancedatasharingvia
tiling [14]. In the GeForce 8800, developerscan utilize shared
memoryto amortizethegloballatency costwhenvaluesarereused.

3 As previously mentioned,PTX code doesnot necessarilytranslateto
executedinstructions,soinstructioncountsareestimates.
4 This is alsoanestimate.Threadscansimultaneouslyloadthesamevalue
from memoryandthememorysystemmaybeableto combinetheseinto a
singlerequest.

Using low-overheadblock synchronizationvalues,canbe shared
betweenthreads:onethreadloadsa datumandthensynchronizes
so thatotherthreadsin the sameblock canuseit. Finally, we can
alsotake advantageof contiguity in main memoryaccesseswhen
loadingin valuesasa block, reducingthecyclesneededto access
thedata.

Figure 3(b) shows the codefor a tiled matrix multiplication,
with a tile size of 16x16, or 256 result elementsand threads.
During execution, the threadswork within two input tiles that
strideacross16 contiguousrows or columnsin theinput matrices.
Eachof the 256 threadsis tied to a speci�c coordinatein a tile.
It loads the elementat that coordinatefrom the two input tiles
into sharedmemory, socooperatively thethreadsloadthecomplete
tiles.Theseloadsareorganizedto take advantageof globalaccess
coalescing.The threadsthensynchronizeto establishconsistency,
which enableseachthreadto loadall of its inputscontainedin the
tiles from sharedmemory. Finally, thethreadscalculatethepartial
dotproductfor theinputsin sharedmemorywithin a loop.

Thechoiceof tile shapeandsizeis a key decision.For a given
size,squaretilesgenerallyimprovethecomputationto memoryac-
cessratio by improving data locality amongthreads.Larger tile
sizes increasedata sharingand thus global memory ef�ciency.
Thetiling supportcodeaddsseveraloverheadinstructionspertile,
which also makes larger sizesmore ef�cient. On this architec-
ture,developersalsoneedto considerwhethera tile sizeprovides
enoughthreadsto have good occupancy. Figure 4 shows the re-
sultsof experimentingwith different tile sizes.4x4 tiles useonly
16 threads,so half of the issueslots in a warp would go unused.
This inef�ciency, coupledwith the 8 threadblock limit, causes
performanceto be worsethanthe non-tiledcode.8x8 tiles create
threadblocksthatoccupy two warps,but wouldstill need12thread
blocksto fully occupy anSM, 50%morethanthesupportedlimit.
12x12tiles use144 threads,which is alsonot an integral number
of warps,andalsorequirespaddingof thearraysto prevent over-
run. 16x16is the largestconvenientsizefor this platform,andwe
canschedulethreethreadblocksof 8 warpseach,for themaximum
of 768 threads.Globalmemorycoalescingalsohappensnaturally
with thiscon�guration.Otherapplicationsmayhavehigherperfor-
mancewith smallertile sizeswhenthey allow a largernumberof
threadsto bescheduled.

The useof 16x16tiles reducesglobal loadsby a factorof 16
over the non-tiled con�guration, so insteadof the bandwidthre-
quirementbeingtwice what is available, it is now approximately
an eighth,removing it as the bottleneckto performance.The ad-
ditional instructionsreducethepotentialthroughputslightly below
thatof theoriginal code.The16x16tiled versionof matrix multi-
plicationachieves46.49GFLOPS,or approximately4.5X theexe-
cutionthroughputof theinitial version.This is slightly higherthan
theestimatedpotentialthroughputof theoriginalcode,soit appears
thattheapplicationachievesfull usageof theSPs.

Register usagemust also be managedto avoid performance
losses.Some versionsof this code use 11 registersper thread
insteadof 10.To runthreethreadblocks,this requires3 blocks/SM
* 256threads/block* 11registers= 8488registers,which is larger
thananSM'sregister�le. Thus,eachSM executesonly two blocks
simultaneously, which reducesperformance.

4.3 ExecutedInstruction Reduction

As notedin theprevious example,tiling reducestheglobal mem-
ory accessesat theexpenseof additionalinstructions.Now thatour
codeachieves its potential throughput,we can examinewhether
thesamework canbedonewith fewer instructionsto improve ef-
�ciency and performance.The obvious targets for reductionare
thoseoperationswhich arenot part of the coredatacomputation,
suchas branchesand addresscalculations.Commonsubexpres-
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Figure3. PartialKernelCodesfor Matrix Multiplication. CUDA keywordsarebold.
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Figure4. Performanceof Matrix Multiplication Kernels

sioneliminationandloop unrolling aretwo classicalcompilerop-
timizationsthatcanachieve thisgoal.Whatis lessclearis whether
theseoperationsincreaseor reducethe numberof registersused
per threadandthusaffect thenumberof threadblocksthatcanbe
scheduledper SM. The compiler's schedulerfurther complicates
matters,asit mayattemptto improve theexecutionspeedof each
threadat thecostof extra registers.

For tiled matrix multiplication, the innermostloop that com-
putesthe partial dot producthasa small body andconstantitera-
tion count.This canbe unrolledby several different factors,each
removing sometestandbranchinstructions.However, thebestper-
formancecanbe achieved by completelyunrolling the loop. This
hastheeffect of removing all loop branches,inductionvariablein-
crements,andinnerloop addresscalculationinstructions,sincethe
offsetsarenow constants.It alsoreducestheregisterusageby one,
to 9 registers,by eliminatinganinductionvariable.ThePTX code
for the unrolled16x16tiled versionshows that approximately16
out 59 instructions,slightly higher than 1/4, are fusedmultiply-
adds.Fromthat,we cancalculatepotentialthroughputof thiscode
at 93.72GFLOPS,with memorybandwidthrequirementsstill be-
low the amountavailable.The achieved performanceof the code
is 91.14GFLOPS,similar to highly-optimizedCUDA 0.8 libraries
providedby NVIDIA.

In generaltheunrolling of small inner loopswill producepos-
itive gain when memory bandwidthis not alreadyan issueand
schedulingdoesnot trigger extra register usagethat reducesthe
numberof active threadblocks.Unrolling outerloopsis lesslikely
to provide bene�t becausethey contribute fewer branchesto over-

all executionandhave moreeffect on instructioncacheef�ciency.
In this case,sharedmemoryusageis not affectedanda registeris
savedby removing theunrolledloop's inductionvariable,although
it is not usedfor anything else.Theperformanceof othertile sizes
is only marginally improvedby unrolling.

4.4 BalancingApplications and Optimization Interaction

At this point, the matrix multiplication codeappearsto be well-
optimized,with actualperformancenearthatof theestimatedpo-
tential. A large portion of the non-datacomputationinstructions
have beenremoved.Registersandthreadsarefully utilized.There
is still a signi�cant amountof sharedmemoryavailable,but there
is no obviousway to useit to increaseperformance.

In aneffort to furtherimprove performance,adevelopercanat-
tempt to improve SPoccupancy by reducingexposedintrathread
global memorylatency. We implementeda prefetchingoptimiza-
tion that initiates loadsto the next tiles prior to performingcom-
putationfor the current tile. The optimizationalso increasesthe
numberof registersrequiredby eachthreadby two, to 11.As pre-
viously mentioned,this reducesthe numberof blocksthat canbe
scheduledper SM by 1, reducingsimultaneousthreadcountby a
third.Thisversionwascapableof 87.10GFLOPSperformance,in-
ferior to performingonly tiling andunrolling.

In this case,intra-threadlatency reduction is insuf�cient to
make up for the reductionof simultaneouslyexecutedthreads.
However, thedifferencebetweentheperformancesof thetwo con-
�gurations is only 5%. Although we have reducedthe numberof
simultaneouslyactive threadsby a third, thesethreadstake nearly
a third lesstime to executebecausethe prefetchingoptimization
eliminatesmuchof the time threadswait on global memory. This
illustratesthe principle that althoughmany threadsare generally
desirable,full utilization of executionresourcesis achieved when
thereare enoughthreadsto avoid being stalledon global mem-
ory access.Thesekinds of optimizationinteractions,plus the un-
certaintyof the architecturefeaturesand codeexecuted,make it
challengingto �nd thepeakperformanceof anapplicationon this
architecture.

5. Application Study
We performedan applicationstudywith the intent of testingthe
applicabilityandeffectivenessof theprinciplesin Section4 onreal
applications.Wehaveselectedasuiteof applicationsacquiredfrom
varioussourcesthathave differentpurposesandcodebehavior but
arealsoreasonablywell-suitedfor executionontheGeForce8800.



Theseapplications,evenoneswith kernelsof a few hundredlines,
oftenhavealargevarietyof instructions,operateonlargerdatasets,
andhave morecontrol �o w thanmicrobenchmarks.Many of these
contributeto bottlenecksotherthaninstructionissuebandwidthon
this platform, enablinga betterevaluationof the system.To our
knowledge,this is the�rst studyof this breadthon a GPU.

Table2 lists someof the applicationsthat have beenportedto
CUDA, alongwith sourceandkernellinesof code(excludingcom-
mentsandwhitespace).Benchmarkversionsof theapplicationsare
available [2]. The larger codesoften requiredmore modi�cation
to port to CUDA; the most extremecasewas H.264, which in-
volveda large-scalecodetransformationto extractthemotionesti-
mationkernelfrom non-parallelapplicationcode.Thepercentage
of single-threadCPU executiontime spentin kernelsis given to
show the total applicationspeedupthatcanbeachievedaslimited
by Amdahl's Law. For example,FDTD's kerneltakesonly 16.4%
of executiontime,limiting potentialapplicationspeedupto 1.2X.In
general,kernelexecutionoccupiedthevastmajority of CPU-only
executionfor theseapplications.

Table3 shows characteristicsof the optimizedapplicationim-
plementations.Thedatafor matrixmultiplicationis listedfor com-
parison.5 The maximumnumberof simultaneouslyactive threads
shows theamountof threadparallelismavailableon thehardware
at a given time, taking resourceconstraintsinto account,with a
maximumof 12288acrossthe 16 SMs. Thereis a wide rangeof
values,with little correlationto actualspeedup.The total threads
in a given applicationoften numbersin the millions. The number
of registersandtheamountof sharedmemoryperthreadshow the
degreeof local resourceutilization.

Otherinformationin thetableincludestheratioof globalmem-
ory cyclesto computationcyclesaftersharedmemoryandcaches
are utilized to their fullest extent, expressingthe global memory
bandwidthrequirementsof themosttime-consumingkernelof each
application.We discusshow this correlatesto performancein Sec-
tion 5.1. GPUexecutiontime expresseshow muchof the total ex-
ecutiontime the applicationkernelsoccupy after beingportedto
the GPU. CPU-GPUtransfertime is shown for comparisonwith
thecomputationtime.Oneinterestingcaseis H.264,whichspends
moretime in datatransferthanGPUexecution.Finally, we list the
architecturalbottleneck(s)that appearto be limiting theseimple-
mentationsfrom achieving higherperformance.

The two rightmostcolumnsof Table3 list the performanceof
portedapplications.Thebaseline,single-threadCPUperformance
is measuredon an Opteron248 systemrunning at 2.2GHz with
1GB main memory. The choicewasmadewith the intent of hav-
ing ahigh-performance,single-coreprocessor;similarCPUperfor-
manceis foundwith newer, highclockratemulticorearchitectures.
For applicationswith outstandingGPU speedup,we appliedopti-
mizationssuchasSIMD instructionsandfastmathlibrariesto the
CPU-onlyversionsto ensurethatcomparisonswerereasonable.We
measureboth thespeedupof CUDA kernelexecutionover single-
threadCPUkernelexecutionandtotalapplicationspeedup,with all
�oating point numberssetto single-precision.Measurementswere
madewith typical long-runninginputs;e.g.,for SPECCPUbench-
marksthereferenceinputswereused.

5.1 PerformanceTrendsof Optimized Applications

In general,we obtain signi�cant kernel and applicationspeedup
acrossour suite,asshown in Table3. Compute-intensive kernels
with relatively few global memory accessesachieve very high

5 The GPU speedupfor matrix multiplication usesa highly optimizedli-
brary with SSE2supportas comparison.Kernel speedupcomparedto a
CPUbinarywithout SIMD supportandoptimizedonly for cacheusageis
on theorderof 100X.

performance.Evenkernelswhicharenotascompute-intensive still
achieve respectableperformanceincreasesbecauseof theGeForce
8800's ability to run a large numberof threadssimultaneously.
Low-latency �oating-point executionis a major factorin speedup,
asis theuseof cachesandsharedmemoryto reducelatenciesand
global bandwidthusage.Loop unrolling is effective in improving
performancefor someapplications.Carefulorganizationof threads
and data reducesor eliminatescon�icts in sharedmemory and
caches,mostnotablyin theMRI applications.

Theapplicationsin Table3 with thehighestperformancegains,
namely TPACF, RPES, MRI-Q, MRI-FHD, and CP, have low
global accessratios and spendmost of their executiontime per-
forming computationor accessinglow-latency memories.They
alsogenerateenoughthreadsto hidepotentialstallsonlong-latency
operationsandmaintainhighpipelined�oating point throughput.

The MRI applicationsachieve particularly high performance
and require additional explanation.One major reasonfor their
performanceis thatasubstantialnumberof executedoperationsare
trigonometryfunctions;the SFUsexecutethesemuchfasterthan
evenCPUfastmathlibraries.Thisaccountsfor approximately30%
of thespeedup.Wealsospentsigni�cant effort improving theCPU
versions(approximately4.3Xover theoriginalcode)to ensurethat
thesecomparisonswerereasonable.Theoppositeeffect,wherethe
native instructionset must emulatefunctionality, exists in RC-5:
theGeForce8800lacksamodulus-shiftoperation.Performanceof
thecodeif a native modulus-shiftwereavailableis estimatedto be
severaltimeshigher.

LBM, FEM, andFDTD arenotablefor beingtime-slicedsim-
ulators,wherea portion of the simulationareais processedper
thread.For eachtimestep,updatesmustpropagatethroughthesys-
tem, requiring global synchronization.Sincethereis no ef�cient
meansto sharedata and perform barrier synchronizationacross
threadblocks,a kernelis invokedfor eachtime stepto ensurethat
all datawrites to global memoryin the previous time steparere-
liably visible to the next time step.This placeshigh demandon
global memorybandwidthsincethe kernel must fetch from and
storeback the entire systemto global memoryafter performing
only a smallamountof computation.PNSdoesnot have this issue
becausea separatesimulationis performedper thread.One pos-
sible solution to this issueis to relax the global synchronization
requirementby changingapplicationalgorithms.

Memory-relatedbottlenecksappearedin LBM, FEM, PNS,
SAXPY, andFDTD, all of which have high memory-to-compute
ratios.This causesbottlenecksin two ways.First, LBM andPNS
arelimited in thenumberof threadsthatcanberundueto memory
capacityconstraints:sharedmemoryfor theformer, globalmemory
for the latter. Second,FEM, SAXPY, andFDTD saturatememory
bandwidth.Eventhoughthelatter two have thehighestnumberof
simultaneouslyactive threadsof the suite, this doesnot help the
largememoryto computeratio, which is theprimaryperformance
bottleneck.

5.2 Optimizations

In this sectionwe discusssomeof theoptimizationsthathave sig-
ni�cant effectsonperformanceandthecorrespondingapplications.
In general,sharedmemoryis usefulfor reducingredundantloads
andthuspressureonmemorybandwidth.Its useis straightforward
whenthereareeithernosharedvaluesbetweenthreads(eachthread
effectively hasits own privatespace)or whenneighboringthreads
sharedatain asimplepattern,similarto matrixmultiplication.Care
must be taken so that threadsin the samewarp accessdifferent
banksof the sharedmemory. In addition,morecomplex applica-
tionsoftenusemoresophisticateddatastructures.

Oneuseof sharedmemoryis buffering to improve the access
patternof global memory. As statedpreviously, memory band-



Table2. ApplicationSuite
Application Description Source

Lines
Kernel
Lines

CPU
Execution

Parallelized
H.264 A modi�ed versionof the 464.h264refbenchmarkfrom SPECCPU2006.This is an H.264(MPEG-4

AVC) videoencoder. A serialdependencebetweenmotionestimationof macroblocksin avideoframeis
removedto enableparallelexecutionof themotionestimationcode.Althoughthismodi�cation changes
theoutputof theprogram,it is allowedwithin theH.264standard.

34811 194 35%

LBM A modi�ed versionof the 470.lbmbenchmarkfrom SPECCPU2006.This usesthe Lattice-Boltzman
Methodfor simulating3D �uid dynamics.Theprogramhasbeenchangedto usesingle-precision�oating
pointandprint fewer statusreports.

1481 285 > 99%

RC5-72 This applicationacceleratesdistributed.net's RSA RC5-72bit challenge,which performsbrute-force
encryptionkey generationandmatching.

1979 218 > 99%

FEM Finite ElementModeling.Simulationof dynamicbehavior of 3D gradedmaterials. 1874 146 99%
RPES RysPolynomialEquationSolver. Calculates2-electronrepulsionintegrals,which area sub-problemof

moleculardynamics.
1104 281 99%

PNS PetriNet Simulation.Simulationof amathematicalrepresentationof adistributedsystem. 322 160 > 99%
SAXPY Single-precision�oating-point implementationof saxpy from High-PerformanceLINPACK, usedas

partof aGaussianeliminationroutine.
952 31 > 99%

TPACF Implementationof Two Point Angular CorrelationFunction,usedto �nd the probability of �nding an
astronomicalbodyat agivenangulardistancefrom anotherastronomicalbody.

536 98 96%

FDTD Finite-DifferenceTime-Domain.2D electromagneticwave propagationsimulationin anarbitrary, user-
de�ned medium.

1365 93 16.4%

MRI-Q Computationof a matrix Q, representingthe scannercon�guration, usedin a 3D magneticresonance
imagereconstructionalgorithmin non-Cartesianspace.

490 33 > 99%

MRI-
FHD

Computationof animage-speci�cmatrix F H d, usedin a 3D magneticresonanceimagereconstruction
algorithmin non-Cartesianspace.

343 39 > 99%

CP Computationof electric potential in a volume containingpoint charges. Basedon direct Coulomb
summation,asdescribedin [24].

409 47 > 99%

Table 3. ApplicationImplementationPerformanceFor Typical,Long-RunningExecutionPro�les
Application Max Simul-

taneously
Active

Threads

Registers
per

Thread

Shared
Mem per
Thread

(B)

Global
Memoryto

Computation
CyclesRatio

GPU
Exec

%

CPU-
GPU

Transfer
%

Architectural
Bottleneck(s)

Kernel
Speedup
onGPU

Application
Speedup

Mat Mul 12288 9 8.1 0.276 16.2% 4% Instructionissue 7.0X 2.0X
H.264 3936 30 55.1 0.006 2.6% 4.5% Register �le capacityand

cachelatencies
20.2X 1.47X

LBM 3200 32 84.2 0.415 98.3% 0.4% Sharedmemorycapacity 12.5X 12.3X
RC5-72 3072 42 0.3 ' 0 64.3% 0.5% Instructionissue 17.1X 11.0X
FEM 4096 18 61 1.135 91.4% � 1% Globalmemorybandwidth 11.0X 10.1X
RPES 4096 23 24.8 0.01 37.5% 1% Instructionissue 210X 79.4X
PNS 2048 32 9.9 0.241 98% � 1% Globalmemorycapacity 24.0X 23.7X
SAXPY 12288 7 0.3 0.375 88% 4.5% Globalmemorybandwidth 19.4X 11.8X
TPACF 4096 24 52.2 0.0002 34.3% � 1% Sharedmemorycapacity 60.2X 21.6X
FDTD 12288 11 8.1 0.516 1.8% 0.9% Globalmemorybandwidth 10.5X 1.16X
MRI-Q 8192 11 20.1 0.008 > 99% � 1% Instructionissue 457X 431X
MRI-FHD 8192 12 20.1 0.006 99% 1% Instructionissue 316X 263X
CP 6144 20 0.4 0.0005 > 99% � 1% Instructionissue 102X 102X

width is easilysaturatedwhen requestsarenot performedat 16-
word granularities.LBM, FEM, FDTD, andother lattice compu-
tationsusearraysof small structuresin global memory. Threads
simultaneouslyreador write agiven�eld of multipleelements,but
these�elds are not contiguousin memory. Eachnon-contiguous
accessis a separateDRAM accessrequest,overwhelmingthede-
vice's memorybandwidth.In LBM we alleviatedtheproblemus-
ing contiguousaccessesto prefetchthearraysinto sharedmemory.
Figure 5 illustratesthe accesspatternsbeforeand after the opti-
mization.Beforecomputation,threadscooperatively loadblocksof
memoryinto sharedmemory, asshown in Figure5(b). They then
synchronize,afterwhich eachthreadoperateson its own data.The
buffering optimizationmay alsobe possiblewith FDTD if a sub-
stantialamountof datareorganizationis performed,but FEM uses

an irregular meshdatastructurethat hasfew contiguousaccesses
evenwith datareorganization.

On-chipcachesareusefulin several applications;we focuson
two here.For the MRI applications,we placeddata in constant
memory, which reducedaverageaccesstime [25]. We also per-
formeda loop interchangeto make all threadsin a warpsimultae-
nouslyaccessthesamevaluein thetableto remove con�icts. Con-
stantmemoryis generallyintendedfor smalllookuptables,but any
datathatis read-onlyandhasthesamelocationsimultaneouslyread
by all threadsis appropriatefor it. Our implementationof H.264
usestexture memoryfor part of the input data,sincethe datause
has2D locality andthe hardwareprovidesboundary-value calcu-
lation supportthat would otherwiseneedto be calculatedin soft-
ware.However, a lack of registersrestrictsthe numberof threads
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Figure5. LBM GlobalLoadAccessPatterns

that could be scheduled,exposingthe latency of texture memory.
Even so, kernel performanceimproves by 2.8X over global-only
accessby theuseof texturememory.

Loop unrolling andother“classic” compileroptimizationscan
have unexpectedresults,but in generallocal optimizationson the
most frequentlyexecutedpartsof the codehasbene�cial effects.
Bene�t is due to the reduction in the numberof operationsor
strengthreductionof individual operationssuchas integer mul-
tiply, thus increasingoverall computationalef�ciency. In H.264,
completeunrollingof theinnermostloopobtainssigni�cant perfor-
manceincrease,asdid registertiling [10] for thenext two higher-
level loops.

The commoncaseof compiler optimizationshaving negative
effectsis whenthey increasethenumberof registersperthreadas
a sideeffect, forcing the GeForce8800 to schedulefewer thread
blocksperSM andthusdegradingperformance.The caseswhere
this is mostoftenseenarecommonsubexpressioneliminationand
redundantloadelimination,thelatteroftenstoringthreadandblock
coordinatesin registers.Evenrelatively simpleinstructionschedul-
ing canchangethe live rangesof variablesand increasethe reg-
isterusage.Registerpressure-sensitive codeschedulingalgorithms
and optimizationstrategies have beeninvestigatedin the context
of instruction-level parallelismcompilers.Additional researchis
neededto apply thesestrategies to massively threadedenviron-
mentslike CUDA. We will addressthe control of registerusage
in futurework.

6. Conclusionand Futur eWork
We presenta performanceevaluationof the GeForce 8800 GTX
architectureusingCUDA. Although its primary market is graph-
icsprocessing,thisGPUis alsocapableof impressiveperformance
on a setof disparatenon-graphicsapplications.This work presents
generalprinciplesfor optimizingapplicationsfor thistypeof archi-
tecture,namelyhavingef�cient code,utilizing many threadsto hide
latency, andusing local memoriesto alleviate pressureon global
memorybandwidth.We alsopresentan applicationsuitethat has
beenportedto this architecture,showing that applicationkernels
that have low global memoryaccessafter optimizationhave sub-
stantialspeedupoverCPUexecutionif they arenot limited by local
resourceavailability.

We arecurrentlyperformingresearchon automatedoptimiza-
tionsfor this architecture.Althoughmany of theoptimizationsare
classicalones,theeffectsthey have on this architecturecanbedif-
ferent from the effectson traditional superscalarprocessors.It is
alsopossibleto getstuckin localmaximumsof performancewhen
attemptingto follow aparticularoptimizationstrategy. Thesemax-
imums may be signi�cantly lower than the peakachievable per-
formance.Better tools and compilersthat allow programmersto
specifythe typesof reorganizationsdesiredandautomaticallyex-
perimentwith their performanceeffectswould greatlyreducethe

optimizationeffort. In addition, two updatedversionsof CUDA
have beenreleasedbetweenthe original and �nal submissionof
this paper, changingresourceusagesandoptimalcon�gurationsof
many applications.We are exploring methodsto preserve or en-
hanceperformanceof applicationswhen shifts in the underlying
architectureor runtimeoccur.
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