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Abstract

Graphic processors (GPUs), with many light-weight
data-parallel cores,can provide substantialparallel com-
putational power to accelerate general purposeapplica-
tions. To best utilize the GPU's parallel computingre-
sources,it is crucial to understandhowGPU architectures
and programmingmodelscan be applied to different cat-
egories of traditionally CPU applications. In this paper
we examineseveral common,computationallydemanding
applications—Traf�c Simulation, ThermalSimulation, and
K -Means—whoseperformancemaybene�t from graphics
hardware's parallel computingcapabilities. We showthat
all of our applicationscan be acceleratedusingthe GPU,
demonstratingashighas40� speedupwhencomparedwith
a CPU implementation.We alsoexaminetheperformance
characteristicsof our applications,presentingadvantages
andinef�cienciesof theprogrammingmodelanddesirable
features to more easily and completelysupport a larger
bodyof applications.

1 Intr oduction

Traditionalsingle-coremicroprocessorsarehaving dif-
�culty achieving higherclock frequencies.The limitations
imposedby deeppipelining, transistorscaling,andpower
and thermalconstraintshave forced CPU vendorsto �nd
otherwaysto meethighperformancecomputingneeds.

One solution is that of multi-core architectures,which
integratemultiple coresonto a singlechip. Examplesare
off-the-shelf Intel Duo-core and Quad-core products,the
Sony/Toshiba/IBM alliance's Cell BroadbandEngine[9],
MIT RAW[24], andSun's Niagra [13].

Anotherpowerful solutionis the GPU.GPUsrepresent
highly specializedarchitecturesdesignedfor graphicsren-
dering, their developmentdriven by the computergaming
industry. Recently, therehasbeenatrendto acceleratecom-
putationallyintensive applications,including scienti�c ap-
plications,ongraphicprocessors.This trendintroducedthe

new termGPGPUor General-Purposecomputationon the
GPU.

The GPU has several key advantagesover CPU ar-
chitecturesfor highly parallel, computeintensive work-
loads, including higher memory bandwidth,signi�cantly
higher �oating-point throughput,and thousandsof hard-
ware threadcontexts with hundredsof parallel compute
pipelinesexecutingprogramsin aSIMD fashion.TheGPU
canbeanattractive alternative to CPUclustersin high per-
formancecomputingenvironments.

The term GPGPU causessome confusion nowadays,
with its implication of structuringa general-purposeap-
plication to make it amenableto graphicsrenderingAPIs
(OpenGLor DirectX) with noadditionalhardwaresupport.
NVIDIA has introduceda new data-parallel,C-language
programmingAPI calledCUDA (for ComputeUni�ed De-
viceArchitecture) thatbypassestherenderinginterfaceand
avoidsthedif�culties of classicGPGPU.Parallelcomputa-
tionsareinsteadexpressedasgeneral-purpose,C-language
kernelsoperatingin paralleloverall thepointsin adomain.

To bestutilize GPUs' powerful computingresources,it
is necessaryto examineto what extent traditionally CPU
domain problemscan be mappedto GPU architectures,
andwhat kinds of featuresthe GPU parallelprogramming
modelshouldsupport. A recentreport from Berkeley [1]
arguedthatsuccessfulparallelarchitecturesshouldperform
well over a set of 13 representative classesof problems,
termeddwarves, whicheachcaptureabodyof relatedprob-
lemsandincludeStructuredGrid, N-BodyproblemandDy-
namicProgrammingdwarves.

Inspiredby this work, andnoting an apparentarchitec-
tural convergenceof CPUsandGPUs,our goal is to �nd a
goodprogrammingmodelthat canprovide a rich anduse-
ful featureset for today's parallel computingneeds.This
paperintroducesour work in progress,still developmental.
We port somewidely usedapplicationsto CUDA andan-
alyzetheir performance.Our applications—traf�c simula-
tion, thermalsimulation(with HotSpot[8]), andk-means—
have a greatdealof data-parallelismandbene�t from the
GPU's parallel computingresources.We compareresults
onanNVIDIA Geforce8800GTX againstandanIntel Pen-

1



tium 4 bothunderWindowsXP. TheCPUcodeis compiled
with Visual Studio2005with the SSE2(StreamingSIMD
Extensions2) optionandO2optimizationturnedon.

All of our applicationsshow satisfactoryspeedups.The
maximumobservedspeedupsareabout40� for traf�c sim-
ulation, 6:5� for HotSpot and 8� for k-means. Also,
to better utilize the GPU under CUDA, we make novel,
architecturally-aware changesto the algorithmsand data
structures,suchastheintroductionof apyramiddatastruc-
turein theHotSpotbenchmarkto avoid theneedfor excess
synchronizationbetweenthreadblocks.

In additionto showing speedupsusingCUDA, another
contributionof ourwork is thatwepresentsomeadvantages
and inef�ciencies of the CUDA model. For example,we
�nd that a global synchronizationmechanismis necessary
in orderto avoid the needto separatea logical kernel into
disjoint parts.Doublebuffering or a bulk load/storemech-
anismwould beusefulasanadditionalmechanismto help
reducememoryaccesslatency.

2 RelatedWork

A lot of recentwork hasfocusedon GPGPU.A frame-
work for solving linear algebraproblemson graphicspro-
cessorsis presentedby Krüger et al [14]. Harris et al.
presenta cloud dynamicssimulationusing partial differ-
ential equations[7]. Someimportantdatabaseoperations
are implementedon the GPU by ef�ciently using pixel
engines[6]. Bioinformaticsalgorithmssuchas sequence
alignment[15] havealsobeensuccessfullyimplementedon
GPUs.

OpenGL[12] andDirectX [20] are the two major API
interfacesfor programminggraphicsapplications,but they
arenot convenientfor developinggeneralpurposeapplica-
tions on GPUs. With increasedprogrammabilityin recent
GPUgenerations,languagessuchasBrook[2], Sh[18], and
Cg [17] were developedto provide simpler programming
environmentsfor GPUdevelopers.

CUDA is a new languageand developmentenviron-
ment from NVIDIA, allowing execution of applications
with thousandsof data-parallelthreadson NVIDIA G80
classGPUs. AMD recentlyintroducedtheir own GPU di-
rect computeAPI, CloseTo the Metal (CTM). CTM also
providesawayaroundgraphicsAPIs,with adriverandpro-
gramminginterfacedesignedspeci�cally for compute.

3 GPU Ar chitectures

3.1 The NVIDIA Geforce8800GTX GPU

GPUshave developedover thecourseof thelastdecade
as highly specializedprocessorsfor the accelerationof

rastergraphics. GPUshave beendevelopedhand-in-hand
with graphicsAPIs, thuseachstagein the traditionalGPU
pipeline correspondsvery closely with a corresponding
stagein the conceptualOpenGLpipeline. RecentGPUs
have addedprogrammabilityto the vertex and fragment
shadingstagesof thepipeline. Insteadof separateprocess-
ing units for different shaders,the Uni�ed ShaderModel
(USM) wasintroducedwith DirectX 10, allowing for bet-
ter utilization of GPU processingresources.ATI' s Xenos
chip for theXbox 360,AMD R600,andNVIDIA'sGeforce
8800 [16] all implementUSM. The computingresources
neededby shadersvariesgreatlyamongdifferentapplica-
tions.Theuni�ed designcanovercomethisissueby balanc-
ing loadsbetweengeometry, vertex, and fragmentshader
functionality, yielding maximumutilization of computing
resources.

Figure 1. The Geforce 8800 GTX Architecture ,
with 16 multipr ocessor s, each with 8 stream­
ing processor s.

A diagramof theNVIDIA Geforce8800GTX architec-
ture is shown in Figure1. Its designis a radicaldeparture
from traditionalmainstreamGPU design. The 8800GTX
is comprisedof 16 multiprocessors.Eachmultiprocessor
has8 streamingprocessors(SPs)for a total of 128 SPs.
Eachgroup of 8 SPssharesone L1 datacache. An SP
containsa scalarALU andcanperform�oating point op-
erations.Instructionsareexecutedin a SIMD fashion.The
8800GTX has768 MB of graphicsmemory, with a peak
observed performanceof 330 GFLOPSand86 GB/s peak
memorybandwidth[3]. This specializedarchitecturecan
suf�ciently meettheneedsof many massively data-parallel
computations.

3.2 CUDA

Direct3DandOpenGLincludemany functionsprovided
to rendercomplex graphicsscenesand abstractaway the
communicationbetweenapplicationsandgraphicsdrivers.
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Unfortunately, for non-graphicsapplications,theseAPIsin-
troducemany hurdlesto the generalpurposeapplication
programmer, including the inherentproblemsborn of the
needto caressgeneralpurposeproblemsinto looking like
renderingproblemsandthefunctionalproblemimposedby
lackof scatterfunctionality.

Figure 2. CUDA's shared memor y architec­
ture . Threads in one bloc k can share data
using on­c hip shared memor y [21].

CUDA provides a cleaner interface than traditional
GPGPUto programthe GPU for generalpurposeappli-
cations,exposing importantarchitecturalfeaturesof G80
andeliminatingthe needto mapcomputationsto a graph-
ics API. In CUDA, the GPU is a device that can execute
multipleconcurrentthreads.Threadsareexecutedin SIMD
threadblocks, whichfacilitateef�cient datasharing.Blocks
and threadsare indexed by block and threadids, and the
GPU is conceptuallyviewed as a set of multiprocessors.
One or more threadblocks is dispatchedto eachproces-
sor, andexecutedusingtime sharing[21]. Blocks arefur-
ther organizedinto grids, with blockswithin a grid being
run to completionandnot currentlyguaranteedto execute
in any particularorder;hence,blocksshouldnot communi-
cateexceptby allowing anentiregrid to complete,return-
ing to thehost,andsubsequentlystartinganew kernel.The
3D capabilityof blocks,coupledwith the2D capabilityof
grids,canpotentiallyallow expressionof 5D domains.As
is illustratedin Figure2, eachmultiprocessorhasa setof

register�les, a sharedmemorydatacache,anda read-only
(constant)cache.Threadswithin oneblock cansharedata
throughsharedmemory, allowing very high accessspeeds.
Constantmemoryis optimizedfor fastread-onlyaccessto
a regionof global,read/writedevicememory[21].

Below, we give a simple exampleof CUDA program
which assignsthevaluesin ann � n matrix B to a matrix
A andan exampleof the sameoperationin C. If n is 128
andeachblock is 16 by 16, CUDA will divide the whole
matrix into 64blocks,andeachassignmentbecomesthere-
sponsibilityof a singlethread.TheCUDA programmodel
abstractsawaytheloopneededin theCPUimplementation,
a powerful abstractionvery usefulin solvingmorecompli-
catedproblems.

� Matrix copy in CUDA

index = n * BLOCK_SIZE * blockIdx.y +
BLOCK_SIZE * blockIdx.x +
n * threadIdx.y + threadIdx.x;

A[index] = B[index];

� Matrix copy on theCPUin C

for (i = 0; i < n; i++)
for (j = 0; j < n; j++)

A[i][j] = B[i][j];

3.3 Parallel ExecutionModel

The two dominantparallelarchitecturalmodelsarethe
messagepassingandsharedmemorymodels[26]. CUDA's
sharedmemorymodelallowsthreadswithin thesameblock
to sharedata using high-speedon-chip sharedmemory.
Threadsfrom different blocks can sharedata via global
memory. CUDA adoptsa SIMD data-parallelmodel in
which one instructionis executedmultiple times in paral-
lel ondifferentdataelements.

In CUDA, theCPUis viewedasacontrolprocessorthat
is responsiblefor parametersetup,datainitialization, and
executionof the serialportionsof the program. The GPU
is viewedasa co-processorwhosejob is to acceleratedata-
parallelcomputations.

ThoughCUDA provides a powerful API with a swift
learningcurve, thereareseveral challengesfor CUDA de-
velopers. First, before a kernel can be launchedon the
graphicsprocessor, datamust be copiedfrom host mem-
ory to GPUdevice memory. Copy overheadis proportional
to theamountof datato becopied.Also CUDA hasanex-
plicitly controlledmemoryhierarchy that is critical to per-
formanceandrequires�ne-grainedtuning. In addition,bar-
rier functionalitycanonly beimposedonthreadswithin the
sameblock. Synchronizingwith threadsin differentblocks
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canbe achieved by terminatinga function call, otherwise
read-after-write (RAW), write-after-read(WAR), andwrite-
after-write (WAW) hazardsbecomeaconcern[21].

4 Experiment Setupand Methodology

Wechoserepresentativecommercialproductsfrom both
of theGPUandCPUmarkets: anNIVIDIA Geforce8800
GTX (128 streamprocessorsclocked at 675 MHz with
768 MB of graphicsmemory and a 16 kB parallel data
cacheper multiprocessorblock) with NVIDIA driver ver-
sion6.14.11.6201andCUDA 1.0,anda traditionalsingle-
core Intel Pentium4 CPU (2.4 GHz with 512 MB main
memory, 512kB L2 and8 kB L1). We developedour GPU
codeusingNVIDIA's CUDA API. TheCPU codeis com-
piled underVisual Studio with O2 and SSE2. The GPU
implementationresultsarecomparedagainsttheIntel CPU
resultsunderWindows. Given thesameinput dataset,the
speedupis calculatedby takingthewall-clocktimerequired
by applicationson theCPUdividedby thetimerequiredby
the GPU.Timesaremeasuredafter initial setup(e.g.after
�le I/O) but do includePCI-Ebustransfertimes.

5 Experimental Results

5.1 Memory Overhead

Figure 3. Memor y transf er overhead between
our CPU and GPU. As the size of data in­
creases, the time overhead for a data transf er
increases linearl y.

Classically, in a PC the graphicscard is connectedvia
theAGPor PCI Expressbus to a North Bridgechip which

also connectsto the CPU and main memory, so the data
transferrateof busandmemorybandwidthareverycrucial
to theperformanceof applications.Wemeasuredthemem-
ory overheadby varyingtheamountof datatransferredbe-
tweenourCPUandGPU.Wefoundthatthetimenecessary
to transferdateincreaseslinearly with theamountof data,
asillustratedin Figure3, thustheconstantoverheadof each
individual transferis immeasurablesolong astransfersare
largeor infrequent.

5.2 Traf�c Simulation

A greatdealof civil engineeringwork existsonsimulat-
ing automotive traf�c. Aimed at improving traf�c control
to reducecongestionandaccidents,thesesimulationstend
to requirea lot of computepower. Therehasbeennoprevi-
ouswork thatusesgraphicsprocessorsto acceleratetraf�c
simulation. Our work is basedon a part of the MITSIM
model[27], whichsimulatestraf�c networks.

5.2.1 Algorithm Overview

Our work re-implementspart of MITSIM' s lane-changing
model—onlyaportionof theMITSIM infrastructure,which
provides a much broaderand more comprehensive traf�c
simulationmodel thanour benchmark—withcarsrunning
in 4 lanes[23]. Thelanesareimplementedasa4-wide2-D
arraywith eachcell representinga position. Thecarstruc-
turecarriestheinformationaboutthecar's speed,position,
thelanethecarresidesin andsoforth. All of this informa-
tion is dynamicallyupdatedduring the lifetime of thesim-
ulation.Carscanchangelanesonly if thebehind-diagonal,
next-to, andforward-diagonalcellsareclearof cars.A car
canacceleratewhenthereare2 blankpositionsin front of
it.

This modelis straightforward to implementon CUDA's
sharedmemorymodelandbene�ts from usingthe GPU's
large numberof concurrentthreads.In eachiteration, the
determinationof thenext actionof eachcar(e.g.to change
lanes,accelerate,brake,etc.) is dependentonly ontheloca-
tionsof thecarswithing asmall,localneighborhood.

5.2.2 Traf�c Simulation Resultsand Analysis

We used256 threadsperblock. Thenumberof blocksare
determinedby thenumberof carstheuserspeci�eson the
commandline. Weassigneachcarauniqueid andmapthat
to a thread.Thenumberof cars(numberof threads)is var-
ied in the experiment. As is evident in Figure5, the G80
canachievespeedupsof about40� with respectto thePen-
tium 4. Whenthe numberof carsis 800 or less,our CPU
implementationsoutperformstheGPUsimulator;however,
as the numberof carsincreases,the GPU implementation
graduallysurpassestheCPU,whichdemonstratesthatGPU
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is moreappropriatefor data-paralleloperationwith many
threadsgivenour con�guration. Applicationslike the traf-
�c simulationpresentan especiallygood�t for GPUsand
the CUDA programmingmodelas,exceptfor synchroniz-
ing the blocksfor eachiteration, thereareno datadepen-
denciesbetweenthreadswithin oneblock or betweenthe
blocks.

Figure 4. Execution time of the traf�c sim­
ulation. The input size is the number of
cars. The GPU implementation outperf orms
the CPU implementation on sim ulations with
about 1600 or more cars.

5.3 Thermal Simulation

HotSpot [8] is a widely usedtool to estimateproces-
sor temperaturebasedon block layout andsimulatedper-
formancemeasurementin architecturalsimulation. It is a
representativeof thestructuredgrid dwarf [1], in which the
computationis regionallydividedinto sub-blockswith high
spatiallocality. Structuredgrid applicationsareat thecore
of many scienti�c computations.Othernotableexamples
include Lattice Boltzmannhydrodynamics[25] and Cac-
tus[4]. A majorchallengeof theseapplicationscomesfrom
dealingwith theboundarydatabetweensub-blocks.

5.3.1 HotSpot Algorithm Overview

In HotSpot,asilicondieispartitionedinto functionalblocks
basedon the �oorplan of the microprocessor, with a ther-
mal RC network connectingthe variousblocks [8]. The
thermal simulation iteratively solves a set of differential

Figure 5. Speedup of the traf�c sim ulation.
The maxim um speedup is more than 40� .

equationsfor block temperatures.Our GPU implementa-
tion re-implementsthe transientthermaldifferentialequa-
tion solverfrom HotSpot.Giventhepowerdensityandtem-
peratureat time t andthe simulationdifferential time � t,
thetransientsolver cancomputetheprocessortemperature
at time t + � t.

In HotSpot,eachcell in the grid representsthe average
power densityand temperatureof the correspondingarea
on the chip. The grid is divided into sub-blocksalongthe
x- andy-axes. Thereforeat the endof eachiteration, the
datathat lies on the boundariesbetweenblocksshouldbe
exchanged.In CUDA, datacommunicationamongblocksis
not supported.Thethreadsin oneblock canonly readdata
writtenby anotherblockfrom globalmemory. Thissolution
involvesheavy globalmemoryread/writeoverhead,which
signi�cantly reducestheperformanceof theprogram.

To amelioratethe effects of this synchronizationprob-
lem, we want to avoid exchangingdatabetweenblocksat
the end of eachiteration. A novel solution, basedon a
pyramid structure(seeFigure6), canachieve satisfactory
speedups.Using this method,we assigneachprocessing
threadblock a muchbiggerregion thanthe �nal result. If
the pyramid baseis an N � N datablock, afteroneitera-
tion the inner (N � 2) � (N � 2) datablock hasprecise
results.For instance,if we want to computetheresultof a
grid which is comprisedof many 4� 4 blocks,at thebegin-
ning we candesignate16 � 16 asthesizeof eachblock in
CUDA andloadeachblockto sharedmemoryfor computa-
tion. Thedataprocessedin adjacentblocksshouldoverlap
in orderthatafter6 iterations,eachof thecells in thegrid
hasacorrectresult.
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Figure 6. Star ting from an 8 � 8 bloc k, it takes
1 iteration to compute the result of the inner
6 � 6 bloc k

5.3.2 HotSpot Simulation Results

Our experimentsshow that our pyramid architecturecan
achieveamaximumspeedupof morethan6:5� whencom-
paredwith the Pentium4 CPU.This result is muchbetter
than our original nä�ve implementation,which was based
morecloselyon the CPU implementationanddid not use
the pyramid structure. Obviously, ef�cient useof shared
memoryis importantfor anef�cient implementation.

However, asdemonstratedin Figure8, thethermalsim-
ulationdoesnot show thehigh speedupsseenin the traf�c
simulation. Additionally the HotSpotspeedupcurve satu-
ratesearly. We believe that this phenomenonis dueto the
factthat,thoughthepyramidarchitecturecanef�ciently re-
ducecommunicationsbetweenthreadblocks,it simultane-
ously createsmoretasksfor the GPU to perform. For ex-
ample,if theresultgrid is comprisedof a numberof 4 � 4
blocks,for eachblock, startingfrom a 16 � 16 block, the
simulationsrequires6 iterationsto converge. For a grid of
size256� 256, the GPU mustallocate64 � 64 blocksto
run in parallel on 8 multiprocessors.A large numberof
blocksmakes the speedupsaturateearly. However, using
thepyramidarchitecture,theperformanceimprovessignif-
icantlywhencomparedwith ouroriginal implementation.

In developingthis benchmark,we foundthat to develop
an applicationwith good performance,CUDA's parallel
programmingmodelrequiresthatprogrammershave famil-
iarity with theG80architecture,asdatamustbeexplicitly
managedin thememoryhierarchy. Additionally, program-
mersalsoneedtobecarefulwhendealingwith sharedmem-
ory, becauseinappropriateschedulingcancausebankcon-
�icts which may force threadsto accessmemoryin serial-
izedorder[21].

Anotherproblemwith CUDA is that thereis no mech-
anismto enforceall the threadsof differentblocksto syn-

Figure 7. Execution Time of HotSpot. The x­
axis represents the dimensions of the com­
putation grid. a dimension of 50 means a
50 � 50 grid.

Figure 8. Speedup of HotSpot. The maxim um
speedup is more than 6:5� for HotSpot

chronizeat a certainpoint. Insidea GPUfunctioncall, us-
ing a for loop is dangerouswhentherearedatadependen-
ciesbetweenthe two adjacentloop iterationsbecausethe
CUDA parallelmodelis a for-all model.
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5.4 K ­Means

K -meansis a clusteringalgorithm usedextensively in
data-miningandelsewhere,importantprimarily for its sim-
plicity. Data-miningalgorithmsareclassi�ed into cluster-
ing, classi�cation,andassociationrule mining,amongoth-
ers [22]. Many data-miningalgorithmsshow a high de-
greeof task parallelismor dataparallelism. Researchers
at NorthwesternUniversity developed Minebench using
OpenMP[22]. Our goalwith this benchmarkis to testthe
applicabilityof theGPUto data-miningusingk-means.

In k-means,adataobjectis comprisedof severalvalues,
calledfeatures.By dividing a clusterof dataobjectsinto K
sub-clusters,k-meansrepresentsall thedataobjectsby the
meanvaluesor centroidsof their respective sub-clusters.

5.4.1 K -MeansAlgorithm Overview

In a basic implementation,the initial cluster center for
eachsub-clusteris randomlychosenor derived from some
heuristic. In eachiteration, the algorithmassociateseach
dataobjectwith its nearestcenter, basedon somechosen
distancemetric.Thenew centroidsarecalculatedby taking
meanof all thedataobjectswithin eachsub-clusterrespec-
tively. The algorithm iteratesuntil no dataobjectsmove
from onesub-clusterto another[22].

The dataobjectscanbe organizedin a 2-D arraywith
eachrow representingonedataobjectandeachcolumnrep-
resentingthevalueof thecorrespondingfeature.Someim-
plementationsuseK -d trees[10] to acceleratetheexecution
time. Advantagesof k-meansover other clusteringalgo-
rithmsincludeits fastconvergenceandeaseof implementa-
tion.

In our CUDA implementation,the clustersof dataob-
jects are partitionedinto threadblocks, eachthreadasso-
ciatedwith onedataobject. The taskof searchingfor the
nearestcentroid to eachdataobject is independent.Our
programusestheEuclideandistanceasits distancemetric.
After all thethreads�nd their nearestcentroid,a reduction
stepwill producethenew centroidfor eachsub-cluster. An
errorfunctionsignalsconvergenceandterminatestheitera-
tion.

We make theGPUis responsiblefor calculatingthedis-
tancesof eachobjectto thek clustersin parallel,while the
CPU takesover the reductionstep. CUDA doesprovide a
handfulof atomicoperationsthat could be usedto imple-
ment this reduction;however, theseoperationsare integer
only andarerestrictedto the Geforce8600,so we choose
to ship this latterstepbackto theCPU.Thespeedupmea-
surementis performedon thedistancecalculationonly, not
on theserialreduction!Thealgorithmcanbefurtherparal-
lelizedby calculatingthepartialsumfor thethreadsin each
block and then addingthe partial sumstogetherfor each

sub-clusterto calculateanew centroid.

5.4.2 K -MeansResults

Figure 9. Execution time of k­means (reduc­
tion par t not inc luded). The input size is the
number of the data objects. The time sho wed
is for one iteration

In Figure9, we comparethe runningtimesof k-means
separatelyon a Geforce8800anda Pentium4 on a dataset
from an intrusion detectionproblem in the 1999 KDD
Cup[11]. Figure10showsthatfor adatasetwith 1,638,400
elements,theCUDA programontheG80canachieveabout
8� speedupascomparedwith thePentium4. Becausecur-
rently the CPU is responsiblefor calculatingnew cluster
centroids,thememoryoverheadis relatively large. In each
iterationwe have to copy the datato the GPU to compute
themembershipof eachdataobject,thencopy backto the
CPUfor thereduction.

6 Discussion:CUDA Programming Model

In the course of developing these applications for
CUDA, we have developeda short “wish-list” of features
that could help improve performance.Firstly, we believe
that CUDA would bene�t from facilities for asynchronous
bulk datamovementfrom hostmemoryto device memory.
Currently, CUDA allows only synchronousdirect memory
access(DMA) transfersbetweenthe GPU and CPU. As
a result, a kernel cannotbegin executionuntil the DMA
downloadcompletes,which introducesoverhead.

Secondly, apre-fetchingmechanismcanserveasacom-
plementarymemoryaccesslatency hiding tool in addition
to hardwarethreadcontext switching. Especiallywhenall
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Figure 10. Speedup of k­means (reduction
par t not inc luded). The maxim um speedup
is about 8� .

threadsareaccessingdevicememoryintensively, switching
threadsis unableto suf�ciently overlapcomputationwith
memoryaccessbecauseall threadsarememorybound.Cor-
relatedthreadswithin the samekernelareexecutedsimul-
taneously, so it is probablethat many threadswill reacha
memoryintensive phasesimultaneously.

It may also be bene�cial to provide a faster local
store. This could be useful in situations where data
has to be loadedfrom device memory and reusedmany
times. Options include caching, scratchpads,and bulk
DMAs. Cachingsupportsexisting programmingmodels
and toolchains,but cachingin sharedmemory raisesthe
traditional problemsof coherenceand memory-ordering
guarantees.The other two optionsalso have drawbacks.
Scratchpadsrequire explicit compiler managementand
DMA mayrequiredoublebuffering,usingextramemory.

Lackof persistentstatein thesharedmemorydatacache
resultsin lessef�cient communicationamongproducerand
consumerkernelsthanmightbepossible.Theproducerker-
nel hasto storethe sharedmemorydatainto device mem-
ory; thedatais thenreadbackover thebusby theconsumer
kernel.Thisalsoundercutstheef�ciency of globalsynchro-
nization which involves kernel terminationand creation;
however, a persistentsharedmemorycontradictswith the
currentprogrammingmodel, in which threadsblocks run
to completionandby de�nition leave no stateafterwards.
Alternatively, a programmercanchooseto usea novel al-
gorithm that involves lesscommunicationandglobal syn-
chronization,suchasthepyramidalgorithmthatwe usein
HotSpot,but this leadsto—oftenundesirable—tradeoffs in

programcomplexity thatwouldbebetterleft unconsidered.
CUDA's performanceis hurt by its inability to collect

datafrom asetof producerthreadsandstreamthemto aset
of consumerthreads.Intermediatedatahasto bestoredin
devicememorybeforeit is consumedby anotherthread.By
allowing �ne grainedsynchronizationamongproducerand
consumerthreads,programswouldbeableto consumedata
at a higherrate,earlierfreeingits storagefor reuse.Since
threadblocksmustrun to completion,andonly oneshared
memorycanbeallocatedto athreadblock,it is unwieldyto
supporthigh-qualityproducer/consumersteaminggiventhe
currentimplementationof CUDA's sharedmemorymodel.

Finally, even thoughwe did not performextensive per-
formancetuning(tiling, managingbankcon�icts, etc.),we
found thatCUDA programmingrequiredextensive knowl-
edgeof the underlyinghardwarearchitecture.This is ac-
tually true of almost any parallel programmingenviron-
ment today. This makes parallel programmingan excel-
lent vehiclefor teachingcomputerarchitecture,andin fact
we usedCUDA to goodeffect in a senior-level computer-
architecturecourse.We worry, however, thattheassociated
learningcurvewill deteradoptionof parallelprogramming,
especiallyfor morecomplex algorithmsanddatastructures
thatdonotmapaseasilyto amanycoreenvironment.

7 Conclusionsand Futur eWork

This work comparedtheperformanceof CPUandGPU
implementationsof three, naturally data-parallelapplica-
tions: traf�c simulation, thermalsimulation, andk-means.
Our experimentsusedNVIDIA's C-basedCUDA interface
and comparedperformanceon an NVIDIA Geforce8800
GTX with that on an Intel Pentium4 CPU. Even though
wedid notperformextensiveperformancetuning,theGPU
implementationsof theseapplicationsobtainedimpressive
speedupsand add to the growing body of GPGPUwork
showing thepotentialof GPUsfor general-purposecomput-
ing. Furthermore,theCUDA interfacemadeprogramming
theseapplicationsvastly easierthan traditional rendering-
basedGPGPUapproaches(in particular, we have prior ex-
periencewith structuredgrids [5]). We also believe that
theavailability of sharedmemoryandthedomainabstrac-
tion providedby CUDA madetheseapplicationsvastlyeas-
ier to implementthan traditional SPMD/thread-basedap-
proaches. In the caseof k-meansand the traf�c simula-
tion,CUDA wasprobablyabit moredif�cult thanOpenMP,
chie�y due to the needto explicitly move dataand deal
with theGPU's heterogeneousmemorymodel. In thecase
of HotSpot with the pyramidal implementation,CUDA's
“grid-of-blocks” paradigmprobablysimpli�ed implemen-
tationcomparedto OpenMP.

The work we presentedin this paperonly shows a de-
velopmentalstageof our work. We plan to extend our
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GPGPUwork by comparingwith morerecentcommodity
con�gurations suchas Intel dual-coreprocessorsand ex-
aminingtheprogrammabilityof morecomplex applications
with variouskinds of datastructuresand memoryaccess
patterns.In addition,in orderto betterunderstandthepros
andconsof GPU architecturesfor general-purposeparal-
lel programming,new metricsareneededfor characterizing
theapplications.With greaterarchitecturalconvergenceof
CPUsandGPUs,ourgoalis to �nd aparallelprogramming
model that can bestaid developersto programin today's
high-performanceparallelcomputingenvironments,includ-
ing GPUsandmulti-coreCPUs.

Our sampleapplicationsmappednicely into CUDA and
would mapeasilyenoughto mostmanycoreprogramming
environments.In all cases,however, managingdataplace-
ment,communication,andsynchronizationbecomesa nui-
sanceat best—andintractableat worst—with more com-
plex applications. Higher-level programming APIs are
needed! Ideally, theseshouldpromoteuseof higher-level
datastructuresthatimplicitly convey informationaboutde-
pendenciesanddatalayout to thecompileror middleware,
which can then managemuch of the concurrency, data
placement,communication,and synchronization. Opera-
tions on thesedatastructuresthen would implicitly con-
vey parallelism while preservinga more natural, quasi-
sequentialprogrammingstyle [19]. Ideally, programmers
shouldstill be able to “drill down”—to managethe hard-
warethemselvesusinga lower-level API suchasCUDA—
albeitat their own risk.

The commonview that effective parallel programming
requireslow-level,explicit managementof concurrency and
hardware resourcesonly appliesto the most expert pro-
grammers! We contendthat high-level APIs and auto-
maticparallelismwill boostproductivity and, for many pro-
grammers,will yield better speedups.Higher-level APIs
thatabstractawayhardwaredetailsalsosimplify portability
amongdifferentparallelplatforms.
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