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ABSTRACT
GPUsarea classof specializedparallelarchitectureswith tremen-
douscomputationalpower. Thenew ComputeUni�ed Device Ar-
chitecture(CUDA) programmingmodelfrom NVIDIA facilitates
programmingof generalpurposeapplicationsontheirGPUs.How-
ever, manualdevelopmentof high-performanceparallel codefor
GPUsis still very challenging. In this paper, a numberof issues
are addressedtowardsthe goal of developing a compiler frame-
work for automaticparallelizationand performanceoptimization
of af�ne loop nestson GPGPUs:1) approachto programtransfor-
mation for ef�cient dataaccessfrom GPU global memory, using
a polyhedralcompilermodel of datadependenceabstractionand
programtransformation;2) determinationof optimalpaddingfac-
tors for con�ict-minimal dataaccessfrom GPU sharedmemory;
and3) model-drivenempiricalsearchto determineoptimalparam-
etersfor unrolling andtiling. Experimentalresultson a numberof
kernelsdemonstratetheeffectivenessof thecompileroptimization
approachesdeveloped.

Categoriesand Subject Descriptors: D.3.4 [ProgrammingLan-
guages]:Processors— Compilers,Optimization

GeneralTerms: Algorithms,Design,Performance

Keywords: GPU, PolyhedralModel, Memory AccessOptimiza-
tion, EmpiricalTuning

1. INTRODUCTION
GraphicsProcessingUnits(GPUs)arenow amongthemostpow-

erful computationalsystemson a chip. For example,theNVIDIA
GeForce 8800 GTX GPU chip usesover 680 million transistors
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andhasa peakperformanceof over 350 GFLOPS[19]. In addi-
tion to the primary useof GPUsin acceleratinggraphicsrender-
ing operations,therehasbeenconsiderableinterestin GeneralPur-
posecomputationon GPUs(GPGPU)[8, 13, 12]. Until very re-
cently, general-purposecomputationsonGPUswereperformedby
transformingmatrix operationsinto specializedgraphicsprocess-
ing, suchas texture operations. The introductionof the CUDA
(ComputeUni�ed Device Architecture)programmingmodel by
NVIDIA providedageneral-purposemulti-threadedSIMD/MIMD
architecturalmodelfor implementationof general-purposecompu-
tationson GPUs.Althoughmoreconvenientthanpreviousgraph-
ics programmingAPIs for developingGPGPUcodes,the manual
developmentof high-performancecodeswith theCUDA modelis
still muchmorecomplicatedthantheuseof parallelprogramming
modelssuchasOpenMPfor general-purposemulti-coresystems.
It is thereforeof greatinterest,for enhancedprogrammerproduc-
tivity andfor softwarequality, to develop compilersupportto fa-
cilitate theautomatictransformationof sequentialinput programs
into ef�cient parallelCUDA programs.

Therehasbeensigni�cant progressover the last two decades
in the developmentof powerful compiler frameworks for depen-
denceanalysisandtransformationof loopcomputationswith af�ne
boundsandarrayaccessfunctions[1, 22,16,14,9, 23,21,3]. For
suchregularprograms,compile-timeoptimizationapproacheshave
beendevelopedusingaf�ne schedulingfunctionswith a polyhe-
dral abstractionof programsanddatadependencies.Althoughthe
polyhedralmodel of dependenceabstractionand programtrans-
formation is much more powerful than the traditional model of
datadependenciescurrently usedin productionoptimizing com-
pilers, early polyhedralapproacheswerenot practicallyef�cient.
Recentadvancesin dependenceanalysisandcodegeneration[23,
3, 28] have addressedmany of theseissues,resultingin polyhe-
dral techniquesbeingappliedto coderepresentative of realappli-
cationssuchas the spec2000fpbenchmarks.CLooG [3, 7] is a
powerful state-of-the-artcodegeneratorthatcapturesmostof these
advances.Building onthesedevelopments,wehaverecentlydevel-
opedthePLuTo compilerframework thatenablesend-to-endauto-
matic parallelizationandlocality optimizationof af�ne programs
for general-purposemulti-coretargets[4, 5, 20]. Theeffectiveness
of thetransformationsystemhasbeendemonstratedonanumberof



non-trivial applicationkernelsfor multi-coreprocessors.However,
building sucha framework for GPUsrequiresattentionto several
additionalissues. In this paperwe identify andcharacterizekey
factorsthataffect GPGPUperformanceanddevelopcompile-time
transformationapproachesfor GPGPUoptimization.

The paperis organizedasfollows. In Section2, we provide a
brief overview of theNVIDIA GeForce8800GTX GPU.Section3
developsan empiricalcharacterizationpertainingto threesigni�-
cantperformanceissues:ef�cient globalmemoryaccess,ef�cient
sharedmemoryaccess,andreductionof dynamicinstructioncount
by enhancingdatareusein registers.In thenext threesections,we
discusscompilationtechniquesfor GPGPUsthatsystematicallyad-
dresstheseperformance-criticalissues.Section7 presentsexper-
imentalperformanceresultsthat demonstratethe effectivenessof
thedevelopedtechniques.Relatedwork is discussedin Section8.
We concludein Section9.

2. OVERVIEW OF GPU ARCHITECTURE
AND CUDA PROGRAMMING

The NVIDIA GeForce8800GTX has16 multiprocessorunits,
eachconsistingof 8 processorcoresthat executein SIMD man-
ner. The processors(SIMD units) within a multiprocessorunit
communicatethrougha faston-chipsharedmemory, while thedif-
ferentmultiprocessorunitscommunicatethroughasloweroff-chip
DRAM, alsocalledglobal memory. Eachmultiprocessorunit also
hasa �x ednumberof registers. TheGPUcodeis launchedfor ex-
ecutionin the GPU device by the CPU (host). The host transfers
datato andfrom GPU'sglobalmemory.

ProgrammingGPUsfor general-purposeapplicationsis enabled
throughaneasy-to-useC interfaceexposedby theNVIDIA Com-
puteUni�ed DeviceArchitecture(CUDA) model[18]. TheCUDA
programmingmodelabstractstheprocessorspaceasagridof thread
blocks (that are mappedto multiprocessorsin the GPU device),
whereeachthreadblock is a grid of threads(that aremappedto
SIMD unitswithin a multiprocessor).More thanonethreadblock
canbemappedto a multiprocessorunit, andmorethanonethread
canbemappedto a SIMD unit in amultiprocessor. Threadswithin
a threadblock canef�ciently sharedatathroughthe faston-chip
sharedmemoryandcansynchronizetheir executionto coordinate
memoryaccesses.Eachthreadin a threadblock is uniquelyidenti-
�ed by its threadblock id andthreadid. A grid of threadblocksis
executedontheGPUby runningoneor morethreadblocksoneach
multiprocessor. Threadsin a threadblock aredivided into SIMD
groupscalledwarps(thesizeof a warp for theNVIDIA GeForce
8800GTX is 32 threads)andperiodicswitchingbetweenwarpsis
doneto maximizeresourceutilization.

The sharedmemoryand the register bank in a multiprocessor
aredynamicallypartitionedamongtheactive threadblockson that
multiprocessor. TheGeForce8800GTX GPUhas16KB of shared
memoryand8192registerspermultiprocessor. If thesharedmem-
ory usageper threadblock is 8 KB or the registerusageis 4096,
at most2 threadblockscanbe concurrentlyactive on a multipro-
cessor. When any of the two threadblocks completeexecution,
anotherthreadblock canbecomeactive on themultiprocessor. In
general,in a multiprocessorunit of a GPU device that hasR reg-
istersandM KB sharedmemory, if the numberof registersused
per threadis r, thesharedmemoryrequiredper threadblock is m
KB, andthenumberof threadsperthreadblock is p, themaximum
numberof active concurrentthreadblocksin themultiprocessorat
any timecannotexceedmin(b R

p� r c;bM
mc).

Thevariousmemoriesavailablein GPUsfor a programmerare
asfollows: (1) off-chip globalmemory(768MBonthe8800GTX),

M Block (GBps) Cyclic (GBps)

2048 4.11 22.91
4096 4.78 37.98
8192 5.11 48.20
16384 5.34 56.50
32768 6.43 68.51

Table1: Global memory bandwidth for block and cyclic access
patterns

(2) off-chip local memory, (3) on-chipsharedmemory(16KB per
multiprocessorin 8800GTX), (4) off-chip constantmemorywith
on-chipcache(64KB in 8800GTX), and(5) off-chip texturemem-
ory with on-chipcache.

3. PERFORMANCE CHARACTERIZA TION
OF GPGPU

In this section,micro-benchmarksareusedto characterizekey
factorsthat affect GPGPUperformanceand the implicationsfor
compileroptimizationarediscussed.

3.1 Global Memory Access
Theoff-chip DRAM in theGPUdevice(i.e.,theglobalmemory)

haslatenciesof hundredsof cycles. While maximizingdatareuse
helpsto improvetheperformanceof programswith temporallocal-
ity, reducingthe latency in accessingdatafrom global memoryis
critical for goodperformance.

Thecostof globalmemoryaccesswascharacterizedby measur-
ing the memoryreadbandwidthachieved for differentdatasizes,
for blocked and cyclic distribution of computationamongstthe
threads.In themicro-benchmarkusedfor bandwidthmeasurement,
a one-dimensionalarrayof sizeM (whereM = 16� N) wasac-
cessedfrom global memoryby 16 threadblocks(onemappedto
eachmultiprocessorunit), whereeachthreadblockwasagrid of T
threads.Eachthreadin a threadblock accessedN=T elementsof
thearray(N waschosenasa multiple of T). Two differentaccess
patternswere compared:(1) blocked access,wherethread0 ac-
cessesthe�rst N=T elements,thread1 accessesthenext setof N=T
elements,: : : , andthreadT � 1 accessesthelastN=T elements,and
(2) cyclic access,wherethread0 accesseselement0, thread1 ac-
cesseselement1, : : : , threadT � 1 accesseselementT � 1, andthe
threadscyclically repeatthe sameaccesspattern. The bandwidth
achieved is shown in Table1. Although the threadsin both cases
accessedthesamenumberof elementsfrom globalmemory, cyclic
accessresultedin signi�cantly highermemorybandwidth– up to
68:5GBps,improvementby a factor of 10, comparedto blocked
access.

Thesigni�cant differencein performanceof thetwo versionsis
dueto ahardwareoptimization– globalmemoryaccesscoalescing.
Accessesfrom adjacentthreadsin ahalf-warpto adjacentlocations
(that arealignedto 4, 8, or 16 bytes)in global memoryarecoa-
lescedinto asinglecontiguousalignedmemoryaccess.Interleaved
accessto globalmemoryby threadsin athreadblock is essentialto
exploit this architecturalfeature.

Usingcyclic dataaccessby threads,theeffectonachievedmem-
ory bandwidthwasevaluatedfor differentnumbersof threadsper
threadblock. In addition, the impact of strideddata accesson
memoryperformancewasevaluated. The strideof accessacross
threadswasvariedfrom 1 through64, andthe numberof threads
perthreadblockwasvariedfrom 32through512.Theresultsfrom
thisexperimentareshown in Figure1. It maybeobservedthatnon-
unit stridesacrossthreadsleadto signi�cant degradationin perfor-
mance. This is becauseglobal memorycoalescingonly happens
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Figure1: Global memory bandwidth for differ ent accessstrides
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with unit strideaccessacrossthreads.With non-unitaccessstrides,
all accessesare issuedindividually to memory, resultingin poor
performance.With unit accessstride,asthenumberof threadsper
threadblock is increased,an increasein thememorybandwidthis
observed,with themaximumbandwidthachieved for 512threads.
This is dueto betterability to maskglobalmemoryaccesslatencies
with increasein thenumberof warpspermultiprocessor.

Thesigni�cant performancebene�ts dueto coalescedaccessof
memorymake it oneof themostimportantoptimizationsto been-
abledbyacompilerframework for GPGPUs.Also, thehighlatency
of globalmemoryaccesshighlightstheimportanceof reducingthe
numberof globalmemoryloads/stores.

3.2 Shared Memory Access
Thesharedmemoryis afaston-chipsoftware-managedmemory

spacethatcanbeaccessedby all threadswithin athreadblock. The
sharedmemoryspaceis dividedinto equal-sizedmemorymodules
calledbanks,which canbe accessedin parallel. In the NVIDIA
GeForce8800GTX, thesharedmemoryis divided into 16 banks.
Successive 32-bit wordsareassignedto successive banks.Hence,
if the sharedmemoryaddressesaccessedby a half-warp (i.e., the
�rst 16 threadsor thenext 16 threadsof a warp) mapto different
banks,thereareno con�icting accesses,resultingin 16 timesthe
bandwidthof onebank.However if n threadsof ahalf-warpaccess
thesamebankat a time, thereis ann-way bankcon�ict, resulting
in n sequentialaccessesto thesharedmemory. In our furtherdis-
cussion,we referto thenumberof simultaneousrequeststo a bank
asdegreeof bankcon�icts. Hencek degreeof bankcon�icts means
ak-waybankcon�ict and1 degreeof bankcon�icts meansnobank
con�icts (sincethereis only onesimultaneousrequestto a bank).
Thebandwidthof sharedmemoryaccessis inverselyproportional
to thedegreeof bankcon�icts.

We conductedan experimentto study the effect of bank con-
�icts, by measuringthe sharedmemoryaccesstime for different
accessstrides(stridesfrom 0 to 16) acrossthreads.32 threadsper
threadblockwereusedfor theexperimentandeachthreadaccessed
100dataelements(10032-bit words).Whenaccessstrideis 0, all
threadsaccessthe sameword. When accessstride is 1, succes-
sive threadsin a threadblock accesssuccessive words in shared
memory, which fall in differentbanks. Hencethereareno bank
con�icts betweenthethreadaccesses.Whenaccessstrideis 2, the
�rst threadaccessesawordfrom banki, thesecondthreadaccesses
a word from banki + 2 andsoon. Thusthereis a 2-way con�ict,
i.e., con�ict betweentheaccessesof thread0 andthread8, thread
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Figure 2: Shared memory accesstime for differ ent access
stridesacrossthr eads

1 andthread9, : : : , thread7 andthread15. Figure2 shows theob-
servedbehavior. Therearenobankcon�icts whentheaccessstride
is oddandhencetheobservedaccesstime is fastestfor oddaccess
strides.FromFigure2, we clearlyobserve thatsharedmemoryac-
cesstime dependson thedegreeof bankcon�icts andaccesstime
is almostthesamefor accessstridesthatleadto thesamedegreeof
bankcon�icts. FromFigure2, wealsoobserve thattheaccesstime
whenall threadsaccessthesameword is asfastasthatwhenthere
arenobankcon�icts. This is dueto a hardwareoptimizationin the
sharedmemorythatenablesbroadcastof a 32-bit word to several
threadssimultaneouslywhenservicingonememoryreadrequest.

Theimportanceof thefaston-chipsharedmemoryspacethat is
introducedin GPUarchitecturesto improvethememoryaccessper-
formanceelucidatesthefact thatminimizing sharedmemorybank
con�icts is animportantoptimizationto behandledby a compiler
framework for GPGPUs.

3.3 Degreeof Parallelism vsRegisterPressure
Oneof theimportantoptimizationsto beperformedin thethread-

level computationcodeis to reducethenumberof dynamicinstruc-
tions in therun-timeexecution.Loop unrolling is oneof thetech-
niquesthat reducesloop overheadandincreasesthe computation
per loop iteration. Also, register-level tiling throughunroll-and-
jam to reducenumberof loads/storesper computationis a well
known programoptimizationwhenthereis suf�cient reusein the
dataaccessed.Thoughloop unrolling reducesdynamic instruc-
tions and register tiling reducesthe numberof loads/stores,they
increaseregisterusage. The numberof threadsthat can be con-
currentlyactive in amultiprocessorunit dependsontheavailability
of resourcessuchassharedmemoryandregisters.A threadblock
of threadscanbe launchedin a multiprocessorunit only whenthe
numberof registersrequiredby its threadsandthe amountof re-
quiredsharedmemoryareavailablein themultiprocessor. Clearly,
increasedregisterpressuremayreducetheactivenumberof threads
in thesystem.

For codefor which performanceis limited by memoryaccess,
having more threadscan ef�ciently maskglobal memoryaccess
latency. Figure 1 clearly illustratesthe impact of parallelismon
thebandwidthof globalmemoryaccess.Hencea memory-access-
boundcoderequiresmorethreadstoef�ciently overcometheglobal
memoryaccesslatency.

Puttingthe issuestogether, a computationthat haslarge global
memoryaccessoverheadrequireshigherconcurrency andalsode-
mandsmoreregistersto enablethebene�tsof loop unrolling such
as loop overheadreductionand reductionof numberof loads/s-



tores. Hencethereis a clear trade-off betweennumberof active
concurrentthreadsandnumberof registersavailable for a thread
in a threadblock to exploit theabove bene�ts. Dueto sucha tight
couplingof GPUresources,anempiricalevaluationbecomesnec-
essaryto selectan optimal choiceof programparameterssuchas
unroll factorsandtile sizes,andsystemparameterssuchasnumber
of threadsandthreadblocks.

Having identi�ed the key performance-in�uencingcharacteris-
tics of GPUs,we now discussthe compile-timeoptimizationap-
proachesdevelopedto addresstheseissues,towardsthegoalof de-
veloping a compiler framework for automaticparallelizationand
performanceoptimizationof af�ne loopnestsonGPGPUs.

4. OPTIMIZING GLOBAL MEMOR Y
ACCESS

In this section,we developanapproachfor performingprogram
transformationsthat enableinterleaved accessto global memory
by threadsin a threadblock which is necessaryto facilitatecoa-
lescedglobalmemoryaccessesandtherebyimprove globalmem-
ory accessperformance.Theapproachis basedon thepolyhedral
model,a powerful algebraicframework for representingprograms
andtransformations[17, 21]. Thefocusis on loop-basedcomputa-
tionswhereloop boundsareaf�ne functionsof outerloop indices
andglobalparameters(e.g.,problemsizes).Similarly, arrayaccess
functionsarealsoassumedto be af�ne functionsof loop indices
and global parameters.Suchcodeplays a critical role in many
computation-intensive programs,andhasbeenthetargetof a con-
siderablebodyof compilerresearch.

4.1 Background
A statementS surroundedby m loops is representedby an m-

dimensionalpolytope,referredto as an iteration spacepolytope.
Thecoordinatesof apoint in thepolytope(calledtheiterationvec-
tor ~xS) correspondto thevaluesof theloop indicesof thesurround-
ing loops,startingfrom theoutermostone.Eachpointof thepoly-
topecorrespondsto an instanceof statementS in programexecu-
tion. The iterationspacepolytopeis de�ned by a systemof af�ne
inequalities,DS(~xS) � ~0, derivedfrom theboundsof theloopssur-
roundingS. Using matrix representationin homogeneousform to
expresssystemsof af�ne inequalities,the iterationspacepolytope
is equivalentlyrepresentedas

DS:

0

@
~xS
~n
1

1

A � ~0

whereDS is a matrix representingloop boundconstraintsand~n is
a vectorof globalparameters(e.g.,problemsizes).

Af�ne arrayaccessfunctionsarealsorepresentedusingmatrices.
If FkAS(~xS) representstheaccessfunctionof thekth referenceto an
arrayA in statementS, then

FkAS(~xS) = FkAS:

0

@
~xS
~n
1

1

A

whereFkAS is a matrix representingan af�ne mappingfrom the
iterationspaceof statementSto thedataspaceof arrayA. Eachrow
in thematrixde�nesamappingcorrespondingto onedimensionof
thedataspace.

Whentherankof theaccessmatrix of anarrayreferenceis less
than the iterationspacedimensionalityof the statementin which
it is accessed,the arrayis saidto have an orderof magnitude(or
higher-order) reusedueto the reference.Thus, the condition for

mv kernel: tmv kernel :

for ( i =0;i <n;i ++) { for ( i =0;i <n;i ++) {
P: x[ i ]=0; S: x[ i ]=0;
for ( j =0;j <n;j ++) for ( j =0;j <n;j ++)

Q: x[ i ]+=a[ i ][ j ]� y[ j ]; T: x[ i ]+=a[ j ][ i ]� y[ j ];
} }

Figure3: mv and tmv kernels

higher-order reuseof an array A due to a referenceFkAS(~xS) is:
rank(FkAS) < dim(~xS). Loopswhoseiteratorsdo not occurin the
af�ne accessfunctionof a referencearesaidto beredundantloops
for thereference.

Given an iteration spacepolytope I and a set of array access
functionsF1;F2; : : : ;Fk of k referencesto anarrayin the iteration
space,thesetof arrayelementsaccessedin theiterationspace(fur-
therreferredto asaccesseddataspace) is givenby

DS=
k[

j= 1

F j I

whereF j I is the imageof the iterationspacepolytopeI formed
by the af�ne accessfunction F j and it gives the set of elements
accessedby thereferenceF j in I .

ConsidertheMatrix Vector(mv) multiply andTransposeMatrix
Vector(tmv) Multiply kernelsin Figure3. Theiterationspacepoly-
topeof statementT is de�ned by f i; j j 0 � i � n� 1 ^ 0 � j �
n� 1g. Theaccessfunctionof thereferenceto arraya in statement
T is representedas

F1aT( ~xT ) =
�

0 1 0 0
1 0 0 0

�
:

0

@
~xT
n
1

1

A

where ~xT =
� i

j

�
is the iteration vector of statementT. The rank

of theaccessmatrix is 2 andthe iterationspacedimensionalityis
2, indicating that the array hasno higher-order reusedue to this
reference.

Af�ne transformationof a statementS is de�ned as an af�ne
mappingthat mapsan instanceof S in the original programto an
instancein thetransformedprogram.Theaf�ne mappingfunction
of a statementSis givenby

f S(~xS) = CS:

0

@
~xS
~n
1

1

A

WhenCS isarow vector, theaf�ne mappingf S isaone-dimensional
mapping.An m-dimensionalmappingcanberepresentedasacom-
binationof m(linearly independent)one-dimensionalmappings,in
which caseCS is a matrix with m rows. In further discussion,we
useqS to denoteaf�ne time mapping(to time points) and pS to
denoteaf�ne spacemapping(to virtual processors).

Therehasbeenmuchwork on dependenceanalysisin thepoly-
hedralmodel[9, 22]. Feautrier[10, 11] de�nes af�ne timesched-
ule, which is one-dimensional(singlesequentialloop in thetrans-
formedprogram)or multi-dimensional(nestedsequentialloopsin
theprogram).Thescheduleassociatesatimestampwith eachstate-
mentinstance.Statementinstancesareexecutedin increasingor-
der of timestampsto preserve datadependencies.Two statement
instancesthathave thesametimestampcanbeexecutedin parallel.
The time scheduleconstraint in Feautrier's framework, neededto



preserve a datadependence,is asfollows.

8~xs 2 Ds;8~yt 2 Dt s.t. ~yt dependson ~xs; qt (~yt ) � qs(~xs) > 0

Using such constraints,one can de�ne a systemthat character-
izesthe time schedulecoef�cients, taking into accountall depen-
dencies. The systemis thensolved to �nd the legal time sched-
ules. Therehasbeena signi�cant bodyof work (e.g.,[10, 16]) on
the procedureto solve a systemof constraintsfor af�ne partition
mappings,using the af�ne form of Farkas' Lemmaand Fourier-
Motzkin projectionalgorithm.

4.2 Global Memory AccessCoalescing
In GPUs,executionof a programproceedsby distributing the

computationsacrossthreadblocksandacrossthreadswithin athread
block. In a threadblock, data requiredfor computationcan be
eitheraccesseddirectly from global memoryor copiedto shared
memoryand thenaccessed.We focuson the codeexecutedin a
threadblockto optimizefor globalmemoryaccess.Wedevelopthe
globalmemoryaccessoptimizationapproachontopof PLuTo [20],
aneffectiveautomatictransformationframework. PLuTooptimizes
sequencesof imperfectly nestedloops, simultaneouslyfor paral-
lelism andlocality, throughtiling transformations.We usePLuTo
to generatetiling transformationsto distribute tiles acrossthread
blocksanda tile (with iterationspacede�ned by the shapeof the
tile) is given as input to the global memoryaccessoptimization
approach.

We �rst determinearrayreferenceswhoseaccesseddataspace
haveeitherhigher-orderreuseor suf�cient constantreuseandmark
themascandidatesthathave to becopiedfrom globalmemoryto
sharedmemoryfor ef�cient performance.Array referenceswhose
accesseddataspacehave no reusearecandidatesfor directaccess
from globalmemory. But inef�cient accessto globalmemorymay
degradetheperformanceasillustratedin Section3.1. We �nd pro-
gramtransformationsthatcanleadto ef�cient directglobalmem-
ory accessof asmany `candidate'arrayreferencesaspossible.If
a resultingprogramtransformationdoesnot optimizeaccessof an
arrayreference,thenthe dataaccessedby the referenceis copied
(ef�ciently) to sharedmemory.

To enableglobalmemorycoalescingfor anarrayreferencein a
statement,iterationsaccessingadjacentelements(alongthefastest
varyingdimension)of thearraydueto thereferencehaveto beexe-
cutedsimultaneously(in time)bydistinctvirtual processorsthatare
consecutive in processorspace.This is enforcedby thetimesched-
ule adjacencyconstraint which enforcestwo statementinstances
thataccessadjacentelementsof anarrayto beexecutedat thetime
instance. The time scheduleadjacencyconstraint is de�ned (as-
sumingrow majorstorageof arrays)as:

8~xs 2 Ds;8~ys 2 Ds s.t. Frzs(~xs) + (0: : :1)T = Frzs(~ys);

qs(~xs) = qs(~ys) (1)

In addition to the above constraint,iterationsaccessingadjacent
dataelementsof anarrayhave to bein adjacentspacepartitionsso
that they areaccessedby adjacentvirtual processors.This is en-
forcedby thespacepartition adjacencyconstraint which enforces
two statementinstancesthat accessadjacentelementsof an array
to beexecutedby adjacentprocessorsin theprocessorspace.The
spacepartition adjacencyconstraint is de�ned as:

8~xs 2 Ds;8~ys 2 Ds s.t. Frzs(~xs) + (0: : :1)T = Frzs(~ys);

ps(~ys) = ps(~xs) + 1 (2)

Thespaceadjacency constraintalsoenforcescyclic distribution of
virtual processorsto physicalprocessorsasblock distribution may

nullify the effect of optimizationachieved by the transformation
satisfyingspaceadjacency constraint.

We now explain the procedureusedto determinetransforma-
tions,thatenableinterleavedglobalmemoryaccessby threads,for
codeexecutedin a threadblock. In our approach,we solve for a
time schedule(for eachstatement)thatpreservesall dependencies
andsatis�estimescheduleadjacencyconstraint (Equation1) for all
candidatearrayreferenceswhoseaccesseddataspacedo not have
enoughreusein theprogram.If theredoesnot exist a solution,we
try all subsetsof thosearrayreferencesandgeneratetimeschedules
thatsatisfythe timescheduleadjacencyconstraint andpotentially
generatespacepartitionsthatsatisfythespacepartition adjacency
constraint (Equation2). Onceat dimensionaltime scheduleis de-
terminedfor a statementwith m loops surroundingit, we �nd a
m� t dimensionalspacepartition mappingsuchthat eachof the
m� t mappingsarelinearly independentof eachotherandthetime
schedule,andoneof thespacemappings(treatedastheinnermost
spacepartition)satis�es the spacepartition adjacencyconstraint.
If thereis no valid space-timetransformationsatisfyingdependen-
cies and adjacency constraints,for all statements,for any non-
emptysubsetof arrayreferencesconsidered,thenwe usePLuTo-
generatedtiling transformation(space-timetransformationgener-
atedwithout enforcingadjacency constraints)for eachstatement.
Theprocedureis summarizedin Algorithm 1. All valid transforma-
tions that aredeterminedby the procedureareconsideredascan-
didatetransformationsfor an empirical search(discussedin Sec-
tion 6).

Algorithm 1 Finding transformationsenablingcoalescedglobal
memoryaccess
Input Setof statements- S, IterationSpacePolytopesof all state-

mentsI s;s 2 S, Array references(whoseaccesseddataspace
do nothave reuse)- f Frzsg, Setof Dependencies- R

1: for all non-emptysubsetsG of arrayreferencesdo
2: Find a time scheduleq for eachstatements that preserves

all dependenciesin R andsatis�estimescheduleadjacency
constraint (1) for all referencesin G.

3: for eachstatements (with dimensionalityof iterationspace
beingmanddimensionalityof timeschedulebeingt) do

4: Find a spacepartition p1 that is linearly independentto
q and satis�es spacepartition adjacencyconstraint (2)
for all referencesin G. Mark this spacepartition asthe
innermostspacepartition.

5: Find m� t � 1 spacepartitionsthatarelinearly indepen-
dentto eachotherandalsoto p1 andq.

6: end for
7: end for
8: if no valid space-timetransformation(satisfying adjacency

constraints)exists for all statements,for any non-emptysub-
setof arrayreferencesconsideredthen

9: Usetiling transformation(space-timetransformation)gener-
atedby PLuTo without enforcingadjacency constraints,for
eachstatement.

10: end if
Output Transformationsenablingcoalescedglobal memoryac-

cessalongwith markingof referencesfor whichcopy to shared
memoryis needed

4.3 Examples
Considerthekernelsin Figure3. Array a in mv andtmv kernels

hasno reuseand is consideredfor direct global memoryaccess.
Withoutapplyingtheconstraintsde�ned by Equations1 and2, we



get thefollowing valid time scheduleandspacepartitionmapping
for statementQ in mv kernelandstatementT in tmv kernel.

qQ( ~xQ) = j and pQ( ~xQ) = i

qT ( ~xT ) = j and pT ( ~xT ) = i

where~xQ =
� i

j

�
and~xT =

� i
j

�
.

Applying adjacency constraintsfor the mv kernel (in a system
with row major storage)yields no valid transformation.Adjacent
global memoryaccessby distinct threadsis possibleonly across
different j-loop iterationsof an i-loop iteration. Hencethe time
scheduleadjacency constraintresultsin a time scheduleqQ( ~xQ) =
i, whichdoesnotdismissall dependencies.Hencethereis novalid
transformationpossiblethat canenablecoalescedglobal memory
access.Hencethe transformation(time scheduleandspaceparti-
tion mapping)obtainedwithout applyingadjacency constraintsis
usedandarraya in mv kernelis copiedto sharedmemoryandac-
cessed,but not accesseddirectly from globalmemory.

On the otherhand,applyingadjacency constraintsfor the tmv
kernel,yieldsatimescheduleqT ( ~xT ) = j (asadjacentglobalmem-
ory accessby distinct threadsis possibleacrossdifferent i-loop
iterationsof an j-loop iteration) and a spacepartition mapping
pT ( ~xT ) = i, which preserve datadependencies,andhenceresults
in a valid transformationthatcanenablecoalescedglobalmemory
access.

4.4 EffectiveUseof Registerand Non-register
Memories

Theapproachnot only makesdecisionon whatdataneedsto be
moved to sharedmemoryandwhat needsto be accesseddirectly
from global memory, but alsomakesdecisionson effectively us-
ing registermemoryandnon-register memoriessuchasconstant
memory, and therebyreducesthe numberof global memoryac-
cesses.Constantmemoryhasan on-chip portion in the form of
cachewhich canbe effectively utilized to reduceglobal memory
access.Accessto constantmemoryis usefulwhena smallportion
of datais accessedby threadsin sucha fashionthatall threadsin
a warp accessthe samevaluesimultaneously. Whenthreadsin a
warpaccessdifferentvaluesin constantmemory, thentherequests
areserialized.

We determinearraysthatareread-onlyandwhoseaccessfunc-
tion doesnot vary with respectto the loop iteratorscorrespond-
ing to theparallelloopsthatareusedfor distributing computation
acrossthreads,andconsiderthemascandidatesfor storingin con-
stantmemory. Similarly arrayswhoseaccessfunctionvariesonly
with respectto theloopiteratorscorrespondingto theparallelloops
areconsideredascandidatesfor storingin registersin eachthread.

4.5 Optimized Copy fr om Global Memory to
Shared Memory

Array referencesthathave suf�cient reuseandarrayreferences
that aremarked to be copiedto sharedmemorybecauseof infea-
sible transformationfor coalescedglobal memoryaccess,have to
beef�ciently copiedfrom/tosharedmemory. A detaileddiscussion
on theapproachto determineaccesseddataspacesof arrayrefer-
ences,automaticallyallocatestoragespacein the form of arrays
in sharedmemory, andgeneratecodeto move databetweenglobal
andsharedmemoriesis presentedin oneof our earlierworks [2].
Theloopstructureof thedatamovementcode(copy code)is aper-
fect nestof n loops,wheren is thedimensionalityof theaccessed
dataspace. By usinga cyclic distribution of the innermostloop
acrossthreadsof a warp, we enableinterleaved accessof global
memoryby threads.

4.6 Model to EstimateMemory Traf�c
In thissubsection,wediscussamodelto estimatememorytraf�c

expectedduring theexecutionof a tile. This is thenusedto guide
the empiricalsearchon tile sizesandunroll factors(asexplained
laterin Section6). Considera tile to beexecutedby a threadblock
or a thread.The iterationspaceof statementsin the tile is param-
eterizedby the tile sizesof the loopsde�ning the tile. Considera
tile of n loopswith tile sizesbeingt1;t2; : : : ;tn. Considerk arrays
(a1;a2; : : : ;ak) beingaccessedin the tile. Let r i be thenumberof
readreferencesandwi be thenumberof write referencesof array
ai . Let Fi1;Fi2; : : : ;Fir i be thereadaccessesof arrayai in the tile
andGi1;Gi2; : : : ;Giwi be the write accessesof arrayai in the tile.
Let I be the iteration spaceof the tile parameterizedby the tile
sizes.Let f bea functionthatcountsthenumberof integerpoints
in a polytopegiven theparameters.Let DSl i denotetheaccessed
dataspaceof readreferencesof arrayai . The numberof integer
pointsin polytopeDSl i givesthenumberof loadsdueto arrayai .
Let DSsi denotetheaccesseddataspaceof write referencesof ar-
ray ai . Thenumberof integerpointsin DSsi givesthenumberof
storesdueto arrayai .

Themodelto estimatememoryloadsandstoresin a tile canbe
characterizedasfollows.

DSl i =
r i[

j= 1

Fi j I and DSsi =
wi[

j= 1

Gi j I

Thenumberof loadsandstoresin a tile =

k

å
i= 1

f (DSl i ;t1;t2; : : : ;tn) + f (DSsi ;t1;t2; : : : ;tn)

Having modeledthenumberof loadsandstoresin atile, thetotal
memorytraf�c is estimatedbasedonthenumberof tiles in thetiled
iterationspace.

5. OPTIMIZING SHARED MEMOR Y
ACCESS

This sectiondescribesour approachto optimize accessof on-
chip sharedmemoryin GPU multiprocessorunits. Following the
observation from Section3.2, optimizationof sharedmemoryac-
cesscanbeequivalentlyviewedasminimizationof bankcon�icts.
The strategy to minimizebankcon�icts in sharedmemoryaccess
is to padthearrayscopiedinto sharedmemory. However, �nding a
suitablepaddingfactorfor anarrayin sharedmemoryis not trivial.
Theprocedureof �nding a paddingfactorfor anarrayin orderto
minimize bankcon�icts hasto considertheeffectsof paddingon
all referencesmadeto thearray. Paddingto minimizebankcon�ict
with respectto one referencemight have a negative impact with
respectto anotherreference.

Wede�ne a formal relationbetweenthedegreeof bankcon�icts
andthe accessstrideacrossthreadsin a half warp that determine
the degreeof bankcon�icts andhencethe sharedmemoryaccess
bandwidth.With sharedmemoryorganizedinto banksandsucces-
sivewordsstoredin successivebanksin acyclic pattern,thedegree
of bank con�icts is given by GCD(strideof array accessacross
threadsof a half warp,numberof bankmodules). Whenthestride
of array accessacrossthreadsis zero, i.e. when all threadsac-
cessthesameword, thereis a specialhardwareoptimizationin the
GPUarchitecturethatenablesbroadcastof theword to all threads.
Hencein thatcase,thedegreeof bankcon�icts is consideredasone
asthereis only onesimultaneousbankrequest.

We modelthe costof accessinga word from a sharedmemory
bankasa linear functionof thedegreeof bankcon�icts. Let C(n)



bethecostof accessinga word from a sharedmemorybankwhen
therearen simultaneousrequeststo thebank(possiblyby different
threadsof a half warp).Thecostfunctionis givenby

C(n) = tstart + trequest � n (3)

wheretstart is the startuptime to accessa bankwhenthereis one
or morerequeststo thebankandtrequestis thetime to servicea re-
quest.Figure4 shows thetrendof thelinearsharedmemorybank
accesscostfunction (plottedusingdataobtainedfrom theexperi-
mentdescribedin Section3.2).
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Figure 4: Shared memory bank accesstime for varying simul-
taneousbank requests

Thealgorithmto �nd optimalpaddingfactorsfor arraysin shared
memoryfocusesonthecodeto beexecutedin athreadblockwhich
hasbeentransformedfor globalmemorycoalescingusingtheap-
proachdescribedin Section4.2.Thealgorithmhasinformationre-
gardingarraysthatneedtobecopiedintosharedmemory, aswell as
thespaceandtimepartitionsof eachstatementin thecode.Foreach
reference,basedon thedistributionof innermostspaceloop across
threads(blockor cyclic), thedistancebetweendatapointsaccessed
by successive threadsis calculatedandit de�nes theaccessstride
acrossthreadsfor thatreference.For eacharrayin sharedmemory,
thealgorithmenumeratesall paddingfactorsand�nds theoptimal
onethatminimizesthetotalnumberof bankcon�icts causedby all
thereferencesto thearray.

6. MODEL-DRIVEN EMPIRICAL SEARCH
FOR OPTIMAL TILE SIZES AND
UNROLL FACTORS

In this section,we discussoptimizationof programparameters
suchastile sizesandunroll factorsthatarecloselylinkedwith the
choiceof systemparameterssuchasnumberof threadsandnumber
of threadblocksusedfor execution,and the availability of GPU
local resourcessuchassharedmemoryandregisters.

We performmultiple levels of tiling for exploiting parallelism
acrossthreadblocks and threads,and also performregister-level
tiling throughunroll-and-jamto optimize thread-level code. The
�rst levelof tiling isdonetoexploit parallelismacrossthreadblocks.
In GPUs,the sizeof a tile executingin a threadblock at a time
instancedependson the amountof sharedmemoryavailable for
executionof the threadblock. The secondlevel of tiling within
a threadblock is done, if needed,to boundsharedmemoryus-
agewithin available limits. Whenthe numberof iterationpoints
in a loop executedwithin a threadblock is more than the num-
ber of threads,onemorelevel of tiling is neededto distribute the

Algorithm 2 FindingOptimalPaddingFactor
Input Inputarrayfor whichpaddingis to bedetermined- A, Num-

ber of referencesto A in the sub-program- Nref, Original ac-
cessstridesacrossthreadsfor the Nref references- AS[Nref],
Numberof bankmodules- NB, Costfunctionfrom Eq. (3) - C

1: MinAccessCost= ¥
2: OptPadding= 0
3: for pad= 0 to NB� 1 do
4: TotalAccessCost= 0
5: for ref = 1 to Nref do
6: Calculatenew accessstrideASnew[ref] for referenceref

using original accessstride AS[ref] and paddingfactor
pad

7: if ASnew[ref] = 0 then
8: BankCon�ict[ref] = 1
9: else

10: BankCon�ict[ref] = GCD(ASnew[ref];NB)
11: end if
12: AccessCost[ref] = C(BankCon�ict[ref])
13: TotalAccessCost+ = AccessCost[ref]
14: end for
15: if TotalAccessCost< MinAccessCostthen
16: OptPadding= pad
17: MinAccessCost= TotalAccessCost
18: end if
19: end for
Output Optimalpaddingfactorfor A - OptPadding

computationacrossthreads.Finally, if thereis enoughreuseto be
exploited,register-level tiling is doneto reducethenumberof load-
s/storesfrom global/sharedmemory.

For a GPUarchitecture,performanceis enhancedby optimizing
memoryaccessand exploiting parallelism,as illustratedin Sec-
tion 3. Henceit would beideal to characterizeandmodeltile size
determinationbasedon thenumberof loads/storesbetweenglobal
andsharedmemory, andthenumberof loads/storesbetweenshared
memoryand registers. Using the polyhedralmodel discussedin
Section4.6,we canobtainanaccurateestimateof memoryloads/-
stores.However, becauseof the lack of controlon the numberof
registersactuallyusedby NVIDIA CUDA C Compiler (NVCC),
andbecauseof the tight couplingof the GPU resources,optimal
tile sizesandunroll factorscannotbedeterminedby a costmodel
alone.An empiricalsearchis neededto �nd anoptimalsetof tile
sizesfor thetiled loopsandoptimalunroll factorsfor theloopsthat
are unrolled. Hencewe employ an empirical searchto pick the
optimalcodevariantamongvariouscodevariantsresultingdueto
differenttransformationsenablingef�cient globalmemoryaccess,
different tile sizesat multiple levels, anddifferentunroll factors.
The searchspacedueto differentchoicesof tile sizesandunroll
factorsareprunedwith the help of the costmodel that estimates
memoryloads/stores.

Themodel-guidedempiricalsearchprocedureusedin our com-
piler framework is outlinedbelow.

� For eachvalid programtransformationstructureobtainedby
the approachdescribedin Section4.2, performmulti-level
tiling (exceptregister-level tiling).

� Generateoptimalcopy codefor arraysthatneedto becopied
to sharedmemory(asexplainedin Section4.5).

� For eachtiled loop structure,determinethe registerusager
anddeterminethemaximumconcurrency (L threads)possi-
ble within a multiprocessor. (Thereis an option in NVCC



to generatea low-level objectcode�le calledthe cubin �le
that providesinformationon the amountof sharedmemory
usedby a threadblockandthenumberof registersusedby a
threadin a threadblock). Settheexplorationspaceof num-
berof threadsin athreadblockto beT;T=2;T=4, whereT is
thenearestmultipleof warpsizeof theGPUdevice lessthan
L and512.

� For all valid tile sizesthatdistributecomputationequallyam-
ongthreadblocksandamongthreadswithin a threadblock,
andsatisfysharedmemorylimit constraint,estimatethetotal
numberof globalmemoryloads/storesusingthepolyhedral
modelin Section4.6. Discardloop structuresthathave p%
more loads/storesthanthe structurewith lowestnumberof
loads/stores.

� For all selectedloop structures,do register-level tiling and
explicit unrolling, instrumentthe registerusageanddiscard
thosefor which register pressureis increasedto an extent
whereconcurrency is reducedto lessthan25%of maximum
possibleconcurrency.

� In all selectedcodeversions,padthearraysin sharedmem-
orywith optimalpaddingfactordeterminedusingAlgorithm2.

� Searchempiricallyamongtheselectedcodeversionsby ex-
plicitly runningthemandtiming theexecutiontime, andse-
lect thebestone.

7. EXPERIMENT AL RESULTS
ExperimentswereconductedonanNVIDIA GeForce8800GTX

GPUdevice. Thedevice has768MB of DRAM andhas16 multi-
processors(MIMD units)clockedat 675MHz. Eachmultiproces-
sorhas8 processorcores(SIMD units) runningat twice theclock
frequency of the multiprocessorand has16 KB of sharedmem-
ory. CUDA version1.0wasusedfor theexperiments.TheCUDA
codewascompiledusingthe NVIDIA CUDA Compiler(NVCC)
to generatethedevice codethat is launchedfrom theCPU(host).
The CPU wasa 2.13GHz Intel Core2Duo processorwith 2 MB
L2 cache.The GPU device wasconnectedto the CPU througha
16-xPCIExpressbus.Thehostprogramswerecompiledusingthe
icc compilerat -O3optimizationlevel.

7.1 PerformanceEvaluation on Kernels
Figure 5 shows the performanceof several kernels— Matrix

Vector multiply (mv), TransposedMatrix Vector multiply (tmv),
Matrix VectorTranspose(mvt), andMatrix Matrix multiply (mm)
— that wereoptimizedusingthe compile-timetechniquesdevel-
oped in this paper. The comparisonwas donewith the vendor-
optimized CUBLAS library (version 1.0) suppliedby NVIDIA.
The effectivenessof the compile-timeoptimizationsdevelopedin
this paperis evident from theseresults:for mv, tmv andmvt ker-
nels, the performanceachieved is betterthan that of the vendor-
optimizedCUBLAS implementation,andfor mm kernel,theper-
formanceis closeto thatof CUBLAS implementation.

7.2 Optimized Global and Shared Memory
Access

Themv andtmv kernels(Figure3) areusedto illustratetheben-
e�ts of global and sharedmemoryaccessoptimization. Table 2
shows theperformanceof mv kernelimplementedusingspaceand
timepartitionmappings,asdiscussedin Section4.3.Ourapproach
makesadecisionto copy theelementsof arraya in to sharedmem-
ory thoughthereis no reuseof the elementscopied. An imple-
mentationwith ef�cient copy of elementsof arraya from global

memoryto sharedmemory(column“Non-optimizedShared”)pro-
vides an order of magnitudebetterperformancethan the version
implementedwith directaccessof a from globalmemory(column
“Direct Global”). The implementationwith copy to sharedmem-
ory is further enhancedby minimizing the sharedmemorybank
con�icts througheffective paddingof the sharedmemorybuffer
createdto hold theelementsof arraya. A further2x improvement
in performanceis achieved (column“Optimized Shared”)due to
this sharedmemoryaccessoptimization.

N Direct Global OptimizedShared Non-optimizedShared

4K 0.43 13.18 5.61
5K 0.48 13.87 5.79
6K 0.35 14.37 6.04
7K 0.30 13.86 5.78
8K 0.24 13.63 5.52

Table 2: Performancecomparison(in GFLOPS) of mv kernel

Table3 shows the performanceof the tmv kernel implemented
usingthespaceandtimepartitionmappingsdiscussedin Section4.3.
Whentiling alongspaceloopsis donein a blockedfashionto map
virtual processorsin a spacepartition mappingto threads,it vi-
olatesthe coalescedmemoryaccessconstraintsandperformance
degrades(column “Non-optimizedGlobal”). Hencetiling along
spaceloopsisdonein acyclic fashion(column“OptimizedGlobal”),
asinferredby ourapproach.

N Non-optimizedGlobal OptimizedGlobal

4K 4.22 25.21
5K 3.09 28.90
6K 3.24 33.47
7K 3.70 33.58
8K 4.13 34.93

Table 3: Performancecomparison(in GFLOPS) of tmv kernel

Matrix VectorTranspose(mvt) isakernelthatinvolvestwo matrix-
vectormultiplies, whereonematrix is the transposeof the other,
andhenceit encompassesthecomputationsinvolvedin mvandtmv
kernels. Our approachidenti�es thedataspaceaccessedby array
referenceinvolved in mv kernelcomputationasa candidateto be
copiedto sharedmemoryandon theotherhandidenti�es thedata
spaceaccessedby arrayreferenceinvolvedin tmv kernelcomputa-
tion asa candidatefor directglobalmemoryaccess,andresultsin
optimizedglobalmemoryaccess.

7.3 Model-dri ven Empirical Search on
Matrix-Matrix Multiply (MM) kernel

The MM kernel is usedto illustrate the stepsinvolved in the
model-driven empirical searchprocedureexplainedin Section6.
A problemsizeof 4K � 4K (thatwasbarelyableto �t in theGPU
DRAM) wasused.

For themulti-level tiled codegeneratedusingtheprogramtrans-
formations(without loop unrolling and register-level tiling), the
register usageper threadwas estimatedusing cubin as 13, lead-
ing to a possibilityof 512concurrentthreads.Furtherexperiments
weredonefor 128,256and512threadsperthreadblock. Thenum-
berof threadblockswasvariedbetween16,32and64.

For varioustile sizesthatdistributethecomputationequallyam-
ong threadblocksandamongthreadswithin a threadblock, and
satisfy the sharedmemorylimit constraint,the total global mem-
ory loadsvaried from the orderof 4K3=27 to 4K3=24. All code
versionswhich hadloadsin the orderof 4K3=27 to 4K3=26 were
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Figure5: Performanceof Matrix kernels

consideredandvariouscombinationsof loopunrollingandregister-
level tiling wereperformedfor the selectedcodeversions. Since
thechoicesof register-level tiling dependon thesizeof thetile be-
ing executedin a thread,the choiceswere limited. The register
usageof eachunrolled,register-tiled versionwasdetermined,and
thoseversionswith excessive registerusage(thosewhichrestricted
the numberof concurrentthreadsto below 128) wereeliminated.
Figure6 illustratestheperformanceof theselectedcandidatesthat
wererun empirically to selectthebestone. Thecodeversionthat
wasselectedby thesearchprocedureresultedin a performanceof
around97 GFLOPS– comparedto vendor-optimizedMM kernel
performanceof around101GFLOPS.

 500

 1000

 1500

 2000

 2500

 0  5  10  15  20  25

E
xe

cu
tio

n 
tim

e 
(m

s)

Code versions

Figure 6: Performanceof MM kernel for various codever-
sions

8. RELATED WORK
Prior to theintroductionof CUDA [18], GPUprogrammingsys-

temshave relied on graphicsAPI-basedimplementations,which
have limited thesizeandkind of codesthatareimplementableon
GPUs.In addition,CUDA hassigni�cantly enhancedprogrammer
productivity by relieving the programmerof the burdenof think-
ing in termsof graphicsoperations.PreviousGPUgenerationsand
their APIshadrestrictivememoryaccesspatternssuchasallowing
only sequentialwrites to a lineararray. For example,Accelerator
[27] doesnot allow accessto an individual elementin parallelar-
raysandoperationsareperformedonall arrayelements.Brook [6]
is a stream-basedmodelthatexecutesits kernelfor every element
in thestreamwith restrictions.TheGeForce8800allows for gen-
eraladdressingof memoryby eachthread,which supportsa much
wider varietyof algorithms.With this generaladdressing,it is im-
portantto applydatalocality optimizationsin orderto exploit high
bandwidthandhidememorylatency.

TraditionalGPUsalsoprovidedlimitedcachebandwidthfor gen-
eral purposeapplications.Fatahalianet al. [8] mentionthat low-
bandwidthcachedesignson GPUspreventgeneralpurposeappli-
cationsfrom bene�ting from the available computationalpower.
Govindarajuet al. [12] usean analyticalcacheperformancepre-
diction model for GPU-basedalgorithms. Their resultsindicate
thatmemoryoptimizationtechniquesdesignedfor CPU-basedal-
gorithmsmaynotdirectly translateto GPUs.

Liao et al. [15] have developeda framework that works with
Brook [6] to performaggressive dataandcomputationtransforma-
tions. Recently, Ryooet al. [25, 24] have presentedexperimental
studieson programperformanceon NVIDIA GPUsusingCUDA;
they do not useor develop a compiler framework for optimizing



applications,but ratherperformtheoptimizationsmanually. Ryoo
et al. [26] have presentedperformancemetricsto prunethe opti-
mizationsearchspaceon a pareto-optimalitybasis.However, they
manuallygeneratethe performancemetricsdatafor eachapplica-
tion they have studied.

9. CONCLUSIONS
In this paper, critical performance-in�uencingfactorson GPUs

werecharacterizedandtechniquesweredevelopedto addressthe
issues,that include1) generationof effective programtransforma-
tionsfor GPUsthatenableef�cient globalmemoryaccess,2) deter-
minationof optimal paddingfactorsfor con�ict-minimal dataac-
cessfrom sharedmemory, and3) model-drivenempiricaloptimiza-
tion approachto optimizevaluesfor systemandprogramparame-
ters. The effectivenessof the developedtechniqueswas demon-
stratedwith variouskernels.
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