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Abstract

Graphic processos (GPUs), with many light-weight
data-pasllel cores, can provide substantialparallel com-
putational power to acceleate generl purposeapplica-
tions. To bestutilize the GPU's parallel computingre-
souices,it is crucial to undestandhow GPU architectues
and programmingmodelscan be appliedto different cat-
egories of traditionally CPU applications. In this paper
we examineseveral common,computationallydemanding
applications—frafc Simulation ThermalSimulation and
K -Means—whoseperformancemay bene t from graphics
hardware's parallel computingcapabilities. We showthat
all of our applicationscan be acceleated usingthe GPU,
demonstatingashighas40 speedupvhencompaedwith
a CPU implementation We also examinethe performance
characteristicsof our applications,presentingadvantaes
andinefciencies of the programmingmodeland desimable
featues to more easily and completelysupporta larger
bodyof applications.

1 Intr oduction

Traditional single-coremicroprocessorare having dif-
culty achieving higherclock frequencies.The limitations
imposedby deeppipelining, transistorscaling,and powver
and thermal constraintshave forced CPU vendorsto nd
otherwaysto meethigh performanceomputingneeds.

One solutionis that of multi-core architectureswhich
integrate multiple coresonto a single chip. Examplesare
off-the-shelfIntel Duo-coe and Quad-coe products,the
Sory/Toshiba/IBM alliances Cell BroadbandEngine[9],
MIT RAN[24], andSun's Niagra [13].

Anotherpowerful solutionis the GPU. GPUsrepresent
highly specializedarchitectureslesignedor graphicsren-
dering, their developmentdriven by the computergaming
industry Recentlytherehasbeenatrendto accelerateom-
putationallyintensive applicationsjncluding scienti ¢ ap-
plications,on graphicprocessorsThis trendintroducecthe

new term GPGPUor Generl-Purposecomputatioron the
GPU.

The GPU has several key adwantagesover CPU ar-
chitecturesfor highly parallel, computeintensive work-
loads, including higher memory bandwidth, signi cantly
higher oating-point throughput,and thousandsof hard-
ware thread contexts with hundredsof parallel compute
pipelinesexecutingprogramsn a SIMD fashion.The GPU
canbeanattractve alternatve to CPU clustersin high per
formancecomputingervironments.

The term GPGPU causessome confusion nowvadays,
with its implication of structuringa general-purposep-
plication to make it amenablego graphicsrenderingAPls
(OpenGLor DirectX) with no additionalhardwaresupport.
NVIDIA hasintroduceda nen data-parallel,C-language
programmingAPI called CUDA (for ComputeUni ed De-
vice Architectusie) thatbypassesherenderingnterfaceand
avoidsthedif culties of classicGPGPU .Parallelcomputa-
tionsareinsteadexpressedsgeneral-purpose;-language
kernelsoperatingn parallelover all the pointsin adomain.

To bestutilize GPUs' powerful computingresourcesit
is necessaryo examineto what extent traditionally CPU
domain problemscan be mappedto GPU architectures,
andwhatkinds of featuresthe GPU parallelprogramming
model shouldsupport. A recentreportfrom Berkeley [1]
amguedthatsuccessfuparallelarchitectureshouldperform
well over a setof 13 representate classesof problems,
termeddwarveswhich eachcaptureabodyof relatedprob-
lemsandincludeStructuedGrid, N-BodyproblemandDy-
namicProgrammingdwarves.

Inspiredby this work, and noting an apparentarchitec-
tural corvergenceof CPUsandGPUs,ourgoalisto nd a
good programmingmodelthat canprovide a rich anduse-
ful featuresetfor today's parallelcomputingneeds. This
paperintroducesour work in progressstill developmental.
We port somewidely usedapplicationsto CUDA andan-
alyzetheir performance.Our applications—rafc simula-
tion, thermalsimulation(with HotSpot[8]), andk-means—
have a greatdeal of data-parallelismand bene t from the
GPUr's parallelcomputingresources.We compareresults
onanNVIDIA GeforceB800GTX againstandanintel Pen-



tium 4 bothunderWindows XP. The CPU codeis compiled
with Visual Studio 2005 with the SSE2(StreamingSIMD
Extension®) optionandO2 optimizationturnedon.

All of our applicationsshav satishctoryspeedupsThe
maximumobsenedspeedupareabout40 for trafc sim-
ulation, 6:5 for HotSpotand 8 for k-means. Also,
to better utilize the GPU under CUDA, we make novel,
architecturally-ware changesto the algorithmsand data
structuressuchastheintroductionof a pyramid datastruc-
turein the HotSpotbenchmarko avoid the needfor excess
synchronizatiorbetweerthreadblocks.

In additionto shawving speedupsising CUDA, another
contrikution of ourwork is thatwe presensomeadvantages
andinef ciencies of the CUDA model. For example,we
nd thata global synchronizatiormechanisms necessary
in orderto avoid the needto separate logical kernelinto
disjoint parts. Doublebuffering or a bulk load/storemech-
anismwould be usefulasan additionalmechanisnio help
reducememoryaccesdateng.

2 RelatedWork

A lot of recentwork hasfocusedon GPGPU.A frame-
work for solving linear algebraproblemson graphicspro-
cessorsis presentedby Kriger et al [14]. Harris et al.
presenta cloud dynamicssimulation using partial differ-
ential equationg7]. Someimportantdatabaseperations
are implementedon the GPU by efciently using pixel
engines[6]. Bioinformaticsalgorithmssuchas sequence
alignmen{15] have alsobeensuccessfullymplementedn
GPUs.

OpenGL[12] and DirectX [20] arethe two major API
interfacesfor programminggraphicsapplicationsput they
arenot corvenientfor developinggeneralpurposeapplica-
tions on GPUs. With increasedrogrammabilityin recent
GPUgenerationdanguagesuchasBrook[2], Sh[18], and
Cg [17] were developedto provide simpler programming
ervironmentsfor GPU developers.

CUDA is a new languageand developmenterviron-
ment from NVIDIA, allowing execution of applications
with thousand=f data-parallelthreadson NVIDIA G80
classGPUs. AMD recentlyintroducedtheir own GPU di-
rect computeAPI, CloseTo the Metal (CTM). CTM also
providesaway aroundgraphicsAPls, with adriverandpro-
gramminginterfacedesignedspeci cally for compute.

3 GPU Architectures

3.1 The NVIDIA Geforce8800GTX GPU

GPUshave developedover the courseof the lastdecade
as highly specializedprocessorsfor the accelerationof

rastergraphics. GPUshave beendevelopedhand-in-hand
with graphicsAPIs, thuseachstagein the traditional GPU

pipeline correspondsvery closely with a corresponding
stagein the conceptualOpenGL pipeline. RecentGPUs

have addedprogrammabilityto the vertex and fragment
shadingstagesf the pipeline. Insteadof separat@rocess-
ing units for differentshadersthe Uni ed ShaderModel

(USM) wasintroducedwith DirectX 10, allowing for bet-

ter utilization of GPU processingesources.ATI's Xenos
chipfor the Xbox 360,AMD R600,andNVIDIA's Geforce
8800[16] all implementUSM. The computingresources
needecby shaderssariesgreatly amongdifferentapplica-

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-
tureis shawvn in Figurel. Its designis a radicaldeparture
from traditionalmainstreamGPU design. The 8800GTX
is comprisedof 16 multiprocessors.Each multiprocessor
has 8 streamingprocessorgSPs)for a total of 128 SPs.
Eachgroup of 8 SPssharesone L1 datacache. An SP
containsa scalarALU andcan perform oating point op-
erations.Instructionsareexecutedn a SIMD fashion.The
8800GTX has768 MB of graphicsmemory with a peak
obsenred performanceof 330 GFLOPSand 86 GB/s peak
memorybandwidth[3]. This specializedarchitecturecan
sufciently meetthe needsof mary massvely data-parallel
computations.

3.2 CUDA

Direct3DandOpenGLincludemary functionsprovided
to rendercomplex graphicsscenesand abstractaway the
communicatiorbetweerapplicationsandgraphicsdrivers.



Unfortunatelyfor non-graphicspplicationstheseAPIsin-
troducemary hurdlesto the generalpurposeapplication
programmerincluding the inherentproblemsborn of the
needto caresgyeneralpurposeproblemsinto looking like
renderingproblemsandthe functionalproblemimposedby
lack of scatteffunctionality

Multiprocessor N

Multiprocessor 2

Multiprocessor 1

Shared Memory

Registers I Registets I

Processor 1

Device memory

Registers I
Instruction

Unit
*®*® | ProcessorMM

Constant
Cache

Texture
Cache

Processor 2

Figure 2. CUDA's shared memory architec-
ture. Threads in one block can share data
using on-chip shared memory [21].

CUDA provides a cleaner interface than traditional
GPGPUto programthe GPU for generalpurposeappli-
cations, exposingimportantarchitecturalfeaturesof G80
andeliminatingthe needto map computationdo a graph-
ics API. In CUDA, the GPU is a device that can execute
multiple concurrenthreadsThreadsareexecutedn 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 dispatchedo eachproces-
sor, andexecutedusingtime sharing[21]. Blocks arefur-

ther organizedinto grids, with blockswithin a grid being
run to completionand not currently guaranteedo execute
in ary particularorder;hence plocksshouldnot communi-
cateexceptby allowing an entiregrid to complete return-
ing to the host,andsubsequentlgtartinga new kernel. The
3D capabilityof blocks,coupledwith the 2D capability of

grids, canpotentiallyallow expressionof 5D domains.As
is illustratedin Figure 2, eachmultiprocessohasa setof

register les, asharednemorydatacacheandaread-only
(constant)cache. Threadswithin oneblock cansharedata
throughsharedmemory allowing very high accesspeeds.
Constantmemoryis optimizedfor fastread-onlyaccesso
aregion of global,read/writedevice memory[21].

Below, we give a simple example of CUDA program
which assignghevaluesin 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
matrixinto 64 blocks,andeachassignmenbecomeshere-
sponsibilityof a singlethread. The CUDA programmodel
abstractaway theloop neededn the CPUimplementation,
a powerful abstractionvery usefulin solvingmorecompli-
catedproblems.

Matrix copy in CUDA
index = n * BLOCK_SIZE * blockldx.y +
BLOCK_SIZE * blockldx.x +
n * threadldx.y + threadldx.x;
Alindex] = B[index];

Matrix copy onthe CPUin C

for (i =0; i <n; i++)
for (j =0; j < n; j++)
Afi][] = BIil{];

3.3 Parallel Execution Model

The two dominantparallelarchitecturaimodelsarethe
messge passingandshaedmemorymodels[26]. CUDA's
sharednemorymodelallows threadswithin thesameblock
to sharedata using high-speedon-chip sharedmemory
Threadsfrom different blocks can sharedata via global
memory CUDA adoptsa SIMD data-parallelmodelin
which oneinstructionis executedmultiple timesin paral-
lel on differentdataelements.

In CUDA, the CPUis viewedasa control processothat
is responsibldfor parametersetup,datainitialization, and
executionof the serial portionsof the program. The GPU
is viewedasa co-processowhosejob is to acceleratelata-
parallelcomputations.

Though CUDA provides a powerful APl with a swift
learningcurwe, thereare several challengedor CUDA de-
velopers. First, before a kernel can be launchedon the
graphicsprocessqrdatamust be copiedfrom host mem-
ory to GPUdevice memory Copy overheads proportional
to theamountof datato be copied. Also CUDA hasanex-
plicitly controlledmemoryhierarcly thatis critical to per
formanceandrequiresne-grainedtuning. In addition,bar
rier functionalitycanonly beimposedon threadswithin the
sameblock. Synchronizingwith threadsn differentblocks



canbe achieved by terminatinga function call, otherwise
read-afteiwrite (RAW), write-afterread(WAR), andwrite-
afterwrite (WAW) hazarddecomea concern21].

4 Experiment Setupand Methodology

We choserepresentatie commerciaproductsirom both
of the GPU andCPU marlets: anNIVIDIA Geforce8800
GTX (128 streamprocessorslocked at 675 MHz with
768 MB of graphicsmemoryand a 16 kB parallel data
cacheper multiprocessoblock) with NVIDIA driver ver
sion6.14.11.6205nd CUDA 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. The CPU codeis com-
piled underVisual Studiowith O2 and SSE2. The GPU
implementatiorresultsarecomparedagainstthe Intel CPU
resultsunderWindows. Giventhe sameinput dataset,the
speedugis calculatedy takingthewall-clocktimerequired
by applicationsonthe CPUdivided by thetime requiredby
the GPU. Timesare measuredfter initial setup(e.g.after
le 1/0) but doincludePCI-Ebustransfertimes.

5 Experimental Results

5.1 Memory Overhead

Memory Overhead

Time (ms )

0 2 4 8 8 10 12 14 16 18
Memory Transfer ( MB )

Figure 3. Memory 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 graphicscardis connectedvia
the AGP or PCI Expresshusto a North Bridge chip which

also connectsto the CPU and main memory so the data
transferrateof busandmemorybandwidtharevery crucial
to the performancef applications We measuredhe mem-
ory overheadby varyingthe amountof datatransferrede-
tweenour CPUandGPU.We foundthatthetime necessary
to transferdateincreasesinearly with the amountof data,
asillustratedin Figure3, thustheconstanbverheadf each
individual transferis immeasurablsolong astransfersare
large or infrequent.

5.2 Traf ¢ Simulation

A greatdealof civil engineeringvork existson simulat-
ing automotve trafc. Aimed at improving trafc control
to reducecongestiorandaccidentsthesesimulationstend
to requirealot of computepower. Therehasbeenno previ-
ouswork thatusesgraphicsprocessors$o accelerateraf ¢
simulation. Our work is basedon a part of the MITSIM
model[27], which simulategraf ¢ networks.

5.2.1 Algorithm Overview

Our work re-implementsgart of MITSIM' s lane-changing
model—onlyaportionof theMITSIM infrastructurewhich
provides a much broaderand more comprehense traf c
simulationmodel than our benchmark—uwithcarsrunning
in 4 laneg[23]. Thelanesareimplementedhsa4-wide2-D
arraywith eachcell representingx position. The car struc-
ture carriesthe informationaboutthe car's speedposition,
thelanethecarresidedn andsoforth. All of thisinforma-
tion is dynamicallyupdatedduring the lifetime of the sim-
ulation. Carscanchangdanesonly if the behind-diaggonal,
next-to, andforward-diagonal cellsareclearof cars.A car
canacceleratavhenthereare 2 blank positionsin front of
it.

This modelis straightforvardto implementon CUDA's
sharedmemorymodelandbene ts from usingthe GPU's
large numberof concurrentthreads. In eachiteration, the
determinatiorof the next actionof eachcar (e.g.to change
lanesacceleratebrale, etc.) is dependenvnly ontheloca-
tionsof the carswithing asmall,local neighborhood.

5.2.2 Traf ¢ Simulation Resultsand Analysis

We used256 threadsper block. The numberof blocksare
determinediy the numberof carsthe userspeci eson the
commandine. We assigreachcara uniqueid andmapthat
to athread.The numberof cars(numberof threads)s var-
ied in the experiment. As is evidentin Figure5, the G80
canachieve speedupsf about40 with respecto thePen-
tium 4. Whenthe numberof carsis 800 or less,our CPU
implementation®utperformghe GPU simulator;however,
asthe numberof carsincreasesthe GPU implementation
graduallysurpassethe CPU,whichdemonstratethatGPU



is more appropriatefor data-parallebperationwith mary
threadsgiven our con guration. Applicationslike the traf-
¢ simulationpresentan especiallygood t for GPUsand
the CUDA programmingmodelas, exceptfor synchroniz-
ing the blocksfor eachiteration, thereare no datadepen-
denciesbetweenthreadswithin one block or betweenthe
blocks.
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Figure 4. Execution time of the trafc sim-
ulation.  The input size is the number of
cars. The GPU implementation outperf orms
the CPU implementation on simulations with
about 1600 or more cars.

5.3 Thermal Simulation

HotSpot[8] is a widely usedtool to estimateproces-
sor temperaturébasedon block layout and simulatedper
formancemeasuremenin architecturalsimulation. It is a
representagie of the structuedgrid dwarf [1], in whichthe
computationis regionally dividedinto sub-blockswith high
spatiallocality. Structuredgrid applicationsareat the core
of mary scienti ¢ computations.Other notableexamples
include Lattice Boltzmannhydrodynamicg[25] and Cac-
tus[4]. A majorchallengeof theseapplicationscomesrom
dealingwith theboundarydatabetweersub-blocks.

5.3.1 HotSpot Algorithm Overview

In HotSpot,asilicondieis partitionednto functionalblocks
basedon the oorplan of the microprocessomwith a ther
mal RC network connectingthe variousblocks[8]. The
thermal simulation iteratively solves a set of differential
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Figure 5. Speedup of the trafc simulation.
The maxim um speedup is more than 40

equationsfor block temperatures.Our GPU implementa-
tion re-implementghe transientthermaldifferential equa-
tion solverfrom HotSpot.Giventhepowerdensityandtem-
peratureat time t andthe simulationdifferentialtime t,
thetransientsolver cancomputethe processotemperature
attimet + t.

In HotSpot,eachcell in the grid representshe average
power density and temperatureof the correspondingarea
on the chip. Thegrid is divided into sub-blocksalongthe
x- andy-axes. Thereforeat the end of eachiteration,the
datathat lies on the boundariesetweenblocks shouldbe
exchangedln CUDA, datacommunicatioramongblocksis
not supported Thethreadsn oneblock canonly readdata
written by anotheiblock from globalmemory This solution
involvesheary global memoryread/writeoverheadwhich
signi cantly reduceghe performancef the program.

To amelioratethe effects of this synchronizatiorprob-
lem, we wantto avoid exchangingdatabetweenblocks at
the end of eachiteration. A novel solution, basedon a
pyramid structure(seeFigure 6), can achieve satisactory
speedups.Using this method,we assigneachprocessing
threadblock a muchbiggerregion thanthe nal result. If
thepyramidbaseisanN N datablock, after oneitera-
tiontheinner(N 2) (N 2) datablock hasprecise
results. For instancejf we wantto computetheresultof a
grid whichis comprisef mary 4 4 blocks,atthe begin-
ning we candesignatel6 16 asthesizeof eachblockin
CUDA andloadeachblockto sharedmemoryfor computa-
tion. The dataprocessedh adjacenblocksshouldoverlap
in orderthat after 6 iterations,eachof the cellsin the grid
hasa correctresult.



Iteration i+1

Iteration i

Figure 6. Starting from an 8 8 block, it takes
1 iteration to compute the result of the inner
6 6 block

5.3.2 HotSpot Simulation Results

Our experimentsshav that our pyramid architecturecan
achieve amaximumspeedupf morethan6:5 whencom-
paredwith the Pentium4 CPU. This resultis muchbetter
than our original nave implementationwhich was based
more closely on the CPU implementatiorand did not use
the pyramid structure. Obviously, efcient useof shared
memoryis importantfor anef cient implementation.

However, asdemonstrateth Figure8, the thermalsim-
ulation doesnot shawv the high speedupseenin the trafc
simulation. Additionally the HotSpotspeedupure satu-
ratesearly We believe thatthis phenomenoiis dueto the
factthat,thoughthe pyramidarchitecturecanef ciently re-
ducecommunicationdetweernthreadblocks,it simultane-
ously createsmoretasksfor the GPU to perform. For ex-
ample,if theresultgrid is comprisedof anumberof 4 4
blocks, for eachblock, startingfrom a16 16 block, the
simulationsrequirest iterationsto corverge. For a grid of
size256 256, the GPU mustallocate64 64 blocksto
run in parallelon 8 multiprocessors.A large numberof
blocks makes the speedupsaturateearly However, using
the pyramid architecturethe performancemprovessignif-
icantly whencomparedvith our originalimplementation.

In developingthis benchmarkwe foundthatto develop
an applicationwith good performance,CUDA's parallel
programmingmodelrequireghatprogrammersave famil-
iarity with the G80 architectureasdatamustbe explicitly
managedn the memoryhierarcly. Additionally, program-
mersalsoneedo becarefulwhendealingwith sharednem-
ory, becausénappropriateschedulingcancausebankcon-
icts which may force threadsto accessnemoryin serial-
izedorder[21].

Anotherproblemwith CUDA is that thereis no mech-
anismto enforceall the threadsof differentblocksto syn-
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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.
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Figure 8. Speedup of HotSpot. The maxim um
speedup is more than 6:5 for HotSpot

chronizeat a certainpoint. Insidea GPU functioncall, us-
ing afor loopis dangerousvhentherearedatadependen-
cies betweenthe two adjacentioop iterationsbecausehe
CUDA parallelmodelis afor-all model.



5.4 K-Means

K -meansis a clusteringalgorithm usedextensvely in
data-miningandelsavhere importantprimarily for its sim-
plicity. Data-miningalgorithmsare classi ed into cluster
ing, classi cation,andassociatiomule mining, amongoth-
ers[22]. Marny data-miningalgorithmsshav a high de-
greeof task parallelismor dataparallelism. Researchers
at NorthwesternUniversity developed Minebent using
OpenMP[22]. Our goalwith this benchmarks to testthe
applicability of the GPUto data-miningusingk-means.

In k-meansadataobjectis comprisedf severalvalues,
calledfeatures By dividing a clusterof dataobjectsinto K
sub-clustersk-meangepresentsll the dataobjectsby the
meanvaluesor centioidsof their respectre sub-clusters.

5.4.1 K-MeansAlgorithm Overview

In a basic implementation,the initial cluster centerfor
eachsub-clusteiis randomlychosenor derived from some
heuristic. In eachiteration, the algorithm associategach
dataobjectwith its nearestcenter basedon somechosen
distancemetric. The new centroidsarecalculatedy taking
meanof all thedataobjectswithin eachsub-clusterespec-
tively. The algorithmiteratesuntil no dataobjectsmove
from onesub-clusteto anothef22].

The dataobjectscanbe organizedin a 2-D array with
eachrow representin@nedataobjectandeachcolumnrep-
resentinghe valueof the correspondindeature.Someim-
plementationsiseK -d treeq10] to accelerat¢heexecution
time. Advantagesof k-meansover other clusteringalgo-
rithmsincludeits fastcorvergenceandeaseof implementa-
tion.

In our CUDA implementationthe clustersof dataob-
jects are partitionedinto threadblocks, eachthreadasso-
ciatedwith one dataobject. The taskof searchingor the
nearestcentroidto eachdataobjectis independent. Our
programusesthe Euclideandistanceasits distancemetric.
After all thethreadsnd their nearestentroid,a reduction
stepwill producethe new centroidfor eachsub-clusterAn
errorfunctionsignalscorvergenceandterminatesheitera-
tion.

We make the GPU s responsibldor calculatingthe dis-
tancesof eachobjectto thek clustersin parallel,while the
CPU takesover the reductionstep. CUDA doesprovide a
handful of atomic operationghat could be usedto imple-
mentthis reduction;however, theseoperationsareinteger
only andarerestrictedto the Geforce8600,so we choose
to shipthis latter stepbackto the CPU. The speedupmea-
surements performedon the distancecalculationonly, not
ontheserialreduction! The algorithmcanbefurtherparal-
lelizedby calculatingthe partialsumfor thethreadsn each
block and then addingthe partial sumstogetherfor each

sub-clusteto calculatea new centroid.

5.4.2 K-MeansResults

Figure 9. Execution time of k-means (reduc-
tion part not included). The input size is the
number of the data objects. The time showed
is for one iteration

In Figure9, we comparethe runningtimesof k-means
separatelon a Geforce8800anda Pentium4 on a dataset
from an intrusion detectionproblem in the 1999 KDD
Cup[11]. Figurel0shavsthatfor adatasetith 1,638,400
elementsthe CUDA programonthe G80canachiere about
8 speedumscomparedvith the Pentium4. Becauseur
rently the CPU is responsiblefor calculatingnew cluster
centroidsthe memoryoverheads relatively large. In each
iterationwe have to copy the datato the GPU to compute
the membershipf 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 synchronouglirect memory
access(DMA) transfersbetweenthe GPU and CPU. As
a result, a kernel cannotbegin executionuntil the DMA
downloadcompleteswhichintroducesoverhead.

Secondlya pre-fetchingnechanisntansene asacom-
plementarymemoryaccesdateny hiding tool in addition
to hardvwarethreadcontext switching. Especiallywhenall



Figure 10. Speedup of k-means (reduction
part not included). The maximum speedup
is about 8

threadsareaccessinglevice memoryintensiely, switching
threadsis unableto sufciently overlap computationwith
memoryaccesdecausall threadsarememorybound.Cor-
relatedthreadswithin the samekernelare executedsimul-
taneouslysoit is probablethat mary threadswill reacha
memoryintensive phasesimultaneously

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

Lack of persistenstatein thesharednemorydatacache
resultsin lessef cient communicatioramongproducerand
consumekernelsthanmightbepossible.Theproduceker
nel hasto storethe sharedmemorydatainto device mem-
ory; thedatais thenreadbackover thebusby theconsumer
kernel. Thisalsoundercutsheef ciency of globalsynchro-
nization which involves kernel terminationand creation;
however, a persistentsharedmemorycontradictswith the
currentprogrammingmodel, in which threadsblocks run
to completionand by de nition leave no stateafterwards.
Alternatively, a programmeicanchooseto usea novel al-
gorithm that involves lesscommunicatiorand global syn-
chronization suchasthe pyramid algorithmthatwe usein
HotSpot,but this leadsto—oftenundesirable—tradefsfin

programcompleity thatwould be betterleft unconsidered.
CUDA's performancds hurt by its inability to collect
datafrom a setof producethreadsandstreanthemto a set
of consumethreads.Intermediatedatahasto be storedin
device memorybeforeit is consumedby anothetthread.By
allowing ne grainedsynchronizatioramongproducerand
consumethreadsprogramsvould beableto consumedata
at a higherrate, earlierfreeingits storagefor reuse.Since
threadblocksmustrun to completion,andonly oneshared
memorycanbeallocatedo athreadblock, it is unwieldyto
supporthigh-qualityproducer/consumesteaminggiventhe
currentimplementatiorof CUDA's sharedmemorymodel.
Finally, eventhoughwe did not performextensie per
formancetuning (tiling, managingoankcon icts, etc.),we
foundthat CUDA programmingequiredextensive knowl-
edgeof the underlyinghardware architecture. This is ac-
tually true of almostary parallel programmingerviron-
menttoday This makes parallel programmingan excel-
lent vehiclefor teachingcomputerarchitectureandin fact
we usedCUDA to goodeffectin a seniorlevel computer
architecturecourse We worry, however, thattheassociated
learningcurve will deteradoptionof parallelprogramming,
especiallyfor morecomplex algorithmsanddatastructures
thatdo not mapaseasilyto a marnycoreervironment.

7 Conclusionsand Futur e Work

This work comparedhe performanceof CPUandGPU
implementationsof three, naturally data-parallelapplica-
tions: traf ¢ 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
we did not performextensie performanceuning,the GPU
implementation®f theseapplicationsobtainedimpressie
speedupsand add to the growing body of GPGPUwork
shaving the potentialof GPUsfor general-purposeomput-
ing. Furthermorethe CUDA interfacemadeprogramming
theseapplicationsvastly easierthan traditional rendering-
basedGPGPUapproachesin particular we have prior ex-
periencewith structuredgrids [5]). We also believe that
the availability of sharedmemoryandthe domainabstrac-
tion providedby CUDA madetheseapplications/astlyeas-
ier to implementthan traditional SPMD/thread-basedp-
proaches. In the caseof k-meansand the trafc simula-
tion, CUDA wasprobablyabit moredif cult thanOpenMP
chiey dueto the needto explicitly move dataand deal
with the GPU's heterogeneousiemorymodel. In the case
of HotSpotwith the pyramidal implementation,CUDA's
“grid-of-blocks” paradigmprobablysimpli ed implemen-
tationcomparedo OpenMP

The work we presentedn this paperonly shavs a de-
velopmentalstageof our work. We plan to extend our



GPGPUwork by comparingwith more recentcommaodity
con gurations suchas Intel dual-coreprocessorsand ex-
aminingthe programmabilityof morecomplec applications
with variouskinds of datastructuresand memoryaccess
patterns.In addition,in orderto betterunderstandhe pros
and consof GPU architecturedor general-purposearal-
lel programmingnew metricsareneededor characterizing
the applications.With greaterarchitecturaktorvergenceof
CPUsandGPUs,ourgoalisto nd aparallelprogramming
model that can bestaid developersto programin today's
high-performancearallelcomputingervironmentsjnclud-
ing GPUsandmulti-coreCPUs.

Our sampleapplicationsanappecdhicely into CUDA and
would mapeasilyenoughto mostmarycore programming
ervironments.In all caseshowever, managingdataplace-
ment,communicationandsynchronizatiorbecomes nui-
sanceat best—andintractableat worst—with more com-
plex applications. Higherlevel programming APIs are
needed!ldeally, theseshouldpromoteuseof higherlevel
datastructureghatimplicitly cornvey informationaboutde-
pendenciesnddatalayoutto the compileror middlewvare,
which can then managemuch of the concurreng, data
placement,communication,and synchronization. Opera-
tions on thesedata structuresthen would implicitly con-
vey parallelismwhile preservinga more natural, quasi-
sequentiabrogrammingstyle [19]. Ideally, programmers
shouldstill be ableto “drill down"—to managethe hard-
warethemselesusinga lower-level API suchas CUDA—
albeitattheir own risk.

The commonview that effective parallel programming
requiredow-level, explicit managemeruaf concurreng and
hardware resourcesonly appliesto the most expert pro-
grammers! We contendthat high-level APIs and auto-
maticparallelismwill boostproductvity and, for mary pro-
grammerswill yield better speedups.Higherlevel APIs
thatabstractway hardwaredetailsalsosimplify portability
amongdifferentparallelplatforms.
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