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Abstract

GraphicsProcessorUnits (GPUs)have emergedaspowerful parallelprocessorsin recent
years.Although �oating point computationsand high level programminglanguagesare
now available,theef�cient useof theenormouscomputingpower of GPUsstill requiresa
signi�cant amountof graphicsspeci�c knowledge.

Thepaperexplainshow to useGPUsfor scienti�c computationswithout graphicsspe-
ci�c terminology. It offersanalgorithmicview on GPUswith comparisonsto cacheaware
andparallelprogrammingof CPUs.Two typical simulationtechniques,namelygrid based
andparticlebasedmethodsarediscussed.

1 Intr oduction

Threemajor factorsmake the developmentof graphicshardwarebasedon com-
modity PCstruly outstandingin recentyears.First, the computationalpowerof
graphicsprocessingunits (GPUs)for commodityPC hardwarehasgrown much
fasterthan for CPUs.Second,the high performanceis available at a very good
cost/performanceratio. Finally, within thelast2-3 years,GPUshave becomepro-
grammableby high level languages.

From an abstractpoint of view, the GPU is a parallel streamingprocessor, par-
ticularly suitablefor the fast processingof large arrays.Thus,many researchers
have startedutilizing graphicsprocessorsto enhancetheperformanceof their spe-
ci�c, in many cases,non-graphicsapplicationsandsimulations.The special�eld
of “General-Purposecomputationon GPU (GPGPU)”hasevolved (seeGPGPU
(2005)),andOwenset al. (2005)offers a survey of this emerging researcharea.
Althoughperformancegainsdependstronglyon theapplication,onecansaythat
speedupfactorsaround5 againstalgorithmson theCPUarecommonlyreported.
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Fig. 1. Instructionstreamprocessing

This introductorypaperaims to give an overview on the GPU from a datapro-
cessingperspective. It presentsanabstractview on theGPUaccessibleto anyone
experiencedwith CPUprogramming.Thefocusis on themainconceptsthatallow
us to determineif a given algorithmor computationcanbe ef�ciently performed
on theGPU.

Theremainderof thispaperis structuredasfollows.Section2 discussesconceptual
aspectsof GPUprogramming.Section3 providesanalgorithmicunderstandingof
the GPU. Section4 describesexamplesof GPU-basedsimulations,and Section
5 discussesdevelopmentsto be expectedin the nearfuture and their impact on
scienti�c computation.

2 Programming the GPU

This sectionpresentsa short discussionof GPU programming,focusingon the
conceptof data-streamprogramming(Section2.1)andonprogramminglanguages
(Section2.2).

2.1 TheConceptof DataStreamProgrammingon theGPU

Instructionstreamprogrammingis the traditional model usedin CPU program-
ming. Its datamodelis basedon a von-Neumannarchitecture,whereinstructions
anddataarestoredin the samememory. Instructionsrefer to the dataneededfor
executionand potentially, to other instructionsin the caseof branching.During
processing,thedatarequiredfor aninstruction'sexecutionis loadedinto thecache,
if notalreadypresent.Thismodelis very �e xible, but hasthedisadvantagethatthe
data-sequenceis completelydrivenby theinstructionsequence,yieldinginef�cient
performancefor uniformoperationson largedatablocks.

In datastreamprocessing,on the otherhand,the processoris �rst con�gured by
the instructionsthat needto be performedand in the next stepa data-streamis
processed.Theexecutionis performedef�ciently by many depth-parallelunits in
the pipeline.Given suf�cient memorybandwidth,andmorethanoneprocessing-
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Fig. 2. Datastreamprocessing

pipeline,theexecutionis alsoparallelizedin breadthby distributing it amongsev-
eral pipelines.GPUscurrentlyfocuson breadthparallelismusingSingleInstruc-
tion Multiple Data(SIMD) processingunits (4 componentvectors),andpipeline
arrangementssimilar to vectorprocessors(16 pipelines).But they will eventually
have to applymoredepthparallelism(pipelining)to reducethebandwidthrequire-
ments.

Datastreamprocessingis advantageouswhenlargedatablocksundergo thesame
operation,becausethisallowsthememoryef�cient streamingandparallelprocess-
ing of thedata.For atypicalexample,consideramatrix-matrixadditionC = A+ B
(assumingpropermatrix dimensions).Listing 1 comparesthedifferentcomputing
paradigms.The outertwo loopsover i,j drive the dataaccessin the instruction
processor, but donothaveany effecton the�nal result.Thealternativedata-stream
approachsimply de�nes the input andoutputarrays,andthe loop body in a ker-
nel, which is the codeusedto obtaina singleresultingdataelement.This model
gives the processorthe freedomto decideon the orderof executionin the outer
loops.This exampleis stereotypicalfor generalpurposecomputationson GPUs
andSection3 furtherdevelopstheunderstandingof leveragingGPUsasfastarray
processors.

2.2 ProgrammingLanguages

For programmingtheGPUoneneedsa graphicsApplicationProgrammingInter-
face(API), which understandsfunction calls similar to thosein Listing 1, anda
graphicslanguagefor thekernelsthatarepassedto loadKernel .

// instruction stream
for(i=0; i<NumRows; i++)

for (j=0; j<NumCols; j++)
C[i][j]= A[i][j]+B[i][j];

// data stream
setInputArrays( A, B );
setOutputArrays( C );
loadKernel("return a+b;");
execute( );

Listing 1: Two implementationsof thematrix-matrixaddition.Thesmalllettersa;b
usedin thekernelprogramreferto thecurrentelementsof thematricesA; B .
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Thetwo majorgraphicsAPIsareOpenGL(2005)andMicrosoft'sDirectX (2005).
Implementationsof theseAPIsareavailablefor avarietyof languages,e.g.C/C++,
Java, Delphi, Fortran,Perl. But both, OpenGLand DirectX target graphicspro-
grammingandthusonemustencapsulatethenative API functionality in a library
to make thecodelook asnicelyasin Listing 1.

The kernelprogramscanbe written either in assemblyor C-like high level lan-
guages,whicharepreferred.ForOpenGL,theOpenGLShadingLanguage(GLSL),
for DirectX9theHigh Level ShadingLanguage(HLSL) canbeused.Thethird lan-
guageCg(“C for graphics”)canbeusedwith OpenGLandDirectX, but requiresa
compilerto translatethecodeto therequiredplatform.

CurrentGPUscontaintwo programmablestageswherekernelscanbe executed:
the vertex andthe fragmentprocessor. Accordingly therearetwo typesof kernel
programs:vertex programsand fragmentprograms1 . In arrayprocessingvertex
programstypically control the index rangesof the input arraysandfragmentpro-
gramscontaintheoperationsto beexecutedon thedata.Sofragmentprogramsare
usuallythemostimportantpartof thealgorithmasin Listing 1. In thisexample,no
vertex programneedsto bespeci�edbecausetheentirearraysareused.

Recapitulating,oneneedsseveralpiecesof codeto implementanarrayoperation
on theGPU: thedata-�ow speci�cationwritten in a commonhigh level language
usingthegraphicsAPI, thefragmentprogramfor thedatacomputationin agraphics
language,andpossiblyavertex programfor thesettingof index ranges.

Severalprojectstry to furthersimplify this procedure.Buck et al. (2004);McCool
andToit (2004);McCormicketal. (2004)describestreamprogramminglanguages
which extendC to provide simpledata-parallelconstructsto allow usingtheGPU
asastreamingcoprocessor. They abstractandvirtualizemany aspectsof theunder-
lying graphicshardwaresothat theprogrammerdoesnot needto understandhow
to usetheunderlyinggraphicsAPI.

3 An Algorithmic GPU Model

Thissectiondiscussesbasicpropertiesof GPUswhicharedecisivefor thedesignof
ef�cient algorithmson this architecture.It focuseson problemsthatcanbesolved
by storingdatain large arraysandoperationsthat manipulatethe arrayelements.
Theef�cient implementationof datastructuressuchasstacks,treesor hashesare
muchmoredif�cult onGPUsandrequireadeepinsightinto thearchitecture.Con-
sequently, only thesimilaritiesanddifferencesof CPUsandGPUsasfastdataarray
processorsarediscussed.Thefocuswill lie onef�cient manipulationof largearrays

1 historically, theseprogramsareoftencalledvertex shaderandfragmentor pixel shader
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Table1
Algorithmic CPU-GPUcomparison

Property CPU GPU

native memory
layout

1D 2D

inputarrays
native 1D; higher dimen-
sionswith offsets

native 1D, 2D or 3D; higher
dimensionswith offsets

outputarrays
native 1D, higher dimen-
sionswith offsets

native2D; otherdimensions
with offsets

overlap of input
andoutputregions

allowed notallowed

gathers arbitrary arbitrary

scatters arbitrary global,regular, or emulated

dynamicbranching
supportedthrough specula-
tive execution,but still not
desirablein loops

primitive or no support,
should usually be resolved
by subregionprocessing

highest precision
numberformat

double (s52e11) or long
double(s63e15)

�oat (s23e8)

ideal computa-
tional intensity for
�oats

� 8, (= 3200MHz � 16byte
(SSE�oat4) = FSB800= 64
bit)

� 8 (= 16 pipelines� 500
MHz � 32 byte (2x�oat4) =
DDR| {z }

� 2

500= 256bit)

or largearrayregionswhichallow parallelprocessingof thearrayelements.

3.1 NativeMemoryLayout

Thenativememoryaddressspacefor aCPUis 1D. Dueto thecachingmechanism,
accessinga dataelementin direct 1D-neighborhoodto the one recentlyusedis
fast.Accessingelementsfartheraway, in senseof the1D distance,is slower. Since
higherdimensionalarraysarerealizedby applyingaddress-offsets,theaccessis not
equallyfastin all spacialdirections,e.g.afterreadinga[i ][j ] accessto a[i ][j + 1] or
a[i ][j + 2] is fast,while accessto a[i + 1][j ] is slow.

For GPUsthenative memoryaddressspaceis 2D. Therefore,2D arraysarenative
objectsfor GPUsanddatais commonlyorganizedasa collectionof 2D arrays2 .
Accesstimesareoptimal if the 2D distanceto the currentlocation is small, e.g.
aftera[i ][j ] accessto a[i ][j + 1] anda[i + 1][j ] is equallyfast.Otherdimensionscan

2 in graphicsterminology, anative1D, 2D or 3D arrayis a1D, 2D or 3D texture
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Fig. 3. Memorylayoutfor theGPU(left), CPU(right); darkgrayindicatesfastaccess.

berepresentedwith offsetsasfor CPUs,but thisalwaysincludesthecostsof offset
computations.Lefohnetal. (2005)discusssuchkind of mappings.

GPUsalsosupportnative 1D and3D arraysto someextent,but restrictionscon-
cerningtheir usageapply. Additionally, 1D arrayslack the fastaccessto vertical
neighborsin 2D,andfor 3D theaccessto neighborsin thez-directionis notalways
asoptimizedasfor x andy. Therefore,conceptuallyonecanthink of GPUsasfast
2D arrayprocessors.

3.2 ArraySizes

Thesequentialexecutionengineof aCPUcanprocessany amountof data:largear-
rays,smallarraysandsingleelements.Dependingonthecachesize(0:5� 4 MiB 3 )
a certainarraysize is ideal for performance,but below that size large sequential
datacollectionsarebetterthanmany distributedsmallones.For theGPUasimilar
reasoningappliesbut with muchhigherfactors.The limit sizebeyondwhich per-
formancestartsto degradesigni�cantly is veryhigh (> 64MiB). But performance
dropsdramaticallyif only smallamountsof dataareprocessedsequentially.

Therefore,ef�cient processingalwayshasto specifyanentirearrayor asuf�ciently
largeregion thereof,sayat least1000elements.For 2D arraystheregionsaretyp-
ically rectangles.In general,a polygon,horizontalandvertical line segments,or
even a point cloud canalsoserve asa region, but this is in the given order less
andlessef�cient. Theperformanceof GPUsbene�ts signi�cantly from largeand
spatiallycoherentregions.Therefore,oneusuallyoperateson rectangularregions,
evenif this leadsto unnecessaryprocessingof certainelements.

Currentlyeacharraydimensionon all GPUsis restrictedto 4096. Therefore,1D
arrayscannothold many items.On the otherhanda 4096� 4096�oat 2D array
alreadyconsumes64MiB, suchthatit is fairly easyto utilize theentirememoryof
agraphicscard(128-512MiB) with a few 2D arrays.

3 InternationalstandardIEC (2000):M= 106, Mi= 220 andsimilar for Ki, Gi.
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3.3 InputandOutputRegions

On theCPUit is possibleto readandwrite to any arrayduringanoperation.There
areno restrictionson theinput andoutputaddresses.This is convenient,but over-
lappinginputandoutputregionscausesseverecachesynchronizationproblemsand
thuscandegradeperformance.

The computationon the GPU is organizedin processingstepseachinvolving at
leastthousandsof elements.During a processingstepGPUsmaintaina clearsep-
arationbetweenthe input andoutputregions(with few specialexceptions).This
avoidsdatasynchronizationproblemsandallows massively parallelprocessingof
the arrayelements,and long pipelines.The outputarraysin GPU operationsare
always2D, while theinputarraysmaybe1D, 2D or 3D.

Therearecurrentrestrictionsconcerningthe maximalnumberof input (32) and
output(4) arrayswhich canbe involved simultaneouslyin a processingstep.But
bothnumbersarelikely to risesigni�cantly in thenearfuture.

3.4 DataFlow

Givenseveral input andoutputarrays,thestepsof analgorithmaremainly a com-
binationof two differenttypesof data�o w:

Gather: After specifyingthe output regions,eachelementof the output region
is computedby combiningthe informationfrom variouspositionsof the input
arrays.

Scatter: Having speci�ed an input region, eachelementof the input region de-
terminesboth the positionandthe valueof a correspondingoutputelement.In
general,thesameoutputvaluemaybewritten to severalpositionsor to none.

If several valuesare written to the sameoutput position,a new value may
eitherreplacetheold oneor all valuesmaybeaccumulated.

In the�rst casetheoutputregionis clearlystructuredandtheinputelementsmaybe
chaoticallydistributed,in thesecondcaseit is vice versa.Both typesof data�o w
areoftenusedsimultaneously.

For CPUstherearenorestrictionsfrom whichpositionsin theinputarraysthedata
is gathered,andto which positionsin the outputarraysit is scattered.For GPUs
thereare also no restrictionon the gathering,but scatteringis highly restricted.
Therearefour optionsfor scattering:

Global static scatter, i.e. thesameindex offsetis appliedto all outputpositions.
Point cloud scatter, i.e. eachoutputlocationis processedindividually, including
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possiblediscardsandoverwritesof outputvalues.Processingof point cloudsis
signi�cantly slower thantheprocessingof rectangularregions.

Scatter reformulated asgather, i.e. a gatheroperationis performedwhich pro-
ducesthesameresultasthescatter. This techniquecaneasilydealwith multiple
outputpositionsperoutputvalue,but for anef�cient gatheroperationthescatter
musthave almostthesameform for all inputpositions.Ideally theoffsetsof the
outputpositionsto the correspondinginput positionare the samefor all input
positions.

Sortedscatter, i.e. initially, datais not scatteredbut ratherthe outputpositionis
appendedto the outputvalueandthe itemsaresortedaccordingto the output
positionin a subsequentstep.To reducesortingrequirementsa smallboundon
themaximaloffsetof theoutputpositionto thecorrespondinginput positionis
helpful.

Hence,gatheroperationsareexploited widely on GPUs,while the above scatter
emulationsmustbeappliedwhencomplex scatterscannotbeavoidedin algorithms.
Ontheotherhandit is sometimesadvantageousto useglobalstaticscattersinstead
of gathers(seeSection4.1).

3.5 Conditionals

Within the loop body the CPU may always executeelementdependentif-else
branchesor evennestedloops.This oftendeterioratesperformanceandwhenever
possibleoneshouldmove theconditionalsbeforetheloopsandpossiblycodedif-
ferentloopbodiesfor differentsubsetsof theprocessedregion.

Thesamestrategy shouldbeappliedmoreaggressively for GPUs,becausethere-
sulting gains are higher. Formally GPUsalso allow to usearbitrary conditional
constructsin loop bodies,but high costsareassociatedwith dynamicbranchesif
they arenot spatiallycoherent.Quickly oscillatingbranchesin a loop prohibit the
pureparallelSIMD processingof thearrayelements.Therefore,ideally thesame
operationsshouldbeappliedto all elementsof theinput regions.Theproblemlies
only with the dynamicbranching,i.e. whendifferentcodeis executeddepending
on a condition,e.g.conditionalassignmentswith theternaryC-operator?: or un-
rollableloops,i.e. loopswith a �x ednumberof iterations,arenotaproblem.

3.6 NumberFormatsandOperations

CPUsnatively supportinteger and �oat operationsof different precision.GPUs
currentlyhave no integer formatsandoffer �x edpoint and�oating point numbers
of differentprecision.Major representationsare8bit �x edpointnumbersands23e8
single �oat. Besidesthe scalarvalues,GPUsalsohave native vectorsof up to 4
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components,e.g.�oat2, �oat4. Basicallyall standardmathematicaloperations(e.g.
+-*/, sin, atan,log, sqrt, pow) are available and most of them can be executed
directlyonthesenativevectors.Therefore,they shouldbeusedwhentheinputdata
suggestssucha grouping,but it is not necessaryto formulatethe entirecodein
�oat4 operations,e.g.GPUscanprocessa scalaranda �oat3 insteadof a �oat4
operation(co-issue).

In scienti�c computationsGPUsusually operateon �oats which are four times
larger thanthe previously used8 bit �x ed point numbers;thusthe bandwidthre-
quirementhasquadrupled.Thisleadsto asimilarsituationasontheCPU,thatmore
operationscanbeexecutedin thechip thanthememorybuscanprovidedatafor in
oneclock cycle. ThuscurrentGPUsrequirea computationalintensityof approxi-
matively 8, i.e.8 operationsmustbeperformedoneach�oat readfrom memoryto
keeptheprocessingpowerandthememorybandwidthin balance.

3.7 Summary

GPUsare fast 2D array processors.They concentrateon the parallel processing
of the array elementsand thereforerequirea relatively large region (e.g. 32x32
elements)in eachprocessingstep.During the processingstepthe corresponding
input andoutputregionsmustbedistinct.Thedata�o w is primarily controlledby
gatheringarbitrary elementsof other input arrayswhile the scatteringof output
valuesmust be realizedwith other methods.Concerningoperationsall standard
mathematicalfunctionsareavailablebut conditionalsshouldbeavoidedinsideof
loops.Table1 alsopresentsasummaryof themainproperties.

4 Scienti�c Computationson the GPU

Datain scienti�c computationsis oftenrepresentedin arraysandlargedataregions
undergo the sameoperations.The GPU is optimizedfor suchprocessingandcan
thereforespeedupthesolutionof variousproblems.Two popularspatialdiscretiza-
tion methodsfor differentialequationsarediscussed,namelygridsandparticles.

4.1 Grids

Gridsdiscretizea continuousdomainby introducinga numberof discretecontrol
nodesin thedomain.In theselocationsthenodestypically representthevalueof
thecontinuousfunction(Finite Differences),or the integral of this function in the
surroundingVoronoicell (FiniteVolumes),or theintegralof this functionweighted
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by a basisfunctionof this node(Finite Elements).In any casethecollectionof the
nodalvaluesformsanodalvector �V = ( �Vi ) i 2 I , whereI is someenumerationof the
nodes.This vectoris the discreterepresentationof the continuousfunction in the
domain.

OntheGPUthenodalvector �V is storedin thenative2D or 3D arrays.Givenacer-
tain nodeoneoftenrequiresaccessto its spatialneighbornodes.For unstructured
gridsthis is cumbersomeon GPUsandthereaderis referredto Bolz et al. (2003);
KruegerandWestermann(2003)for possiblearrangements.For dynamicadaptive
gridsseeLefohnetal. (2005).But for tensorgridsthesituationis veryconvenient.
If the nodalvector �V of a d-dimensionaltensorgrid is storedin a d-dimensional
array, then the spatialneighborhoodrelationsarepreserved in the array. For ex-
ample,the nodalvector �V of a 257� 257 grid discretizing[0; 1]2 canbe stored
in v[257][257], suchthat thenodevalue(i; j ) is storedin v[i ][j ]. In mostGPUap-
plicationsthe tensorgrid is even �x ed with nodepositions(x = j =w; y = i=h).
Notethat irrespective of how thevectorsarestored,they arealwaystreatedasone
dimensionalstructuresin thefollowing linearalgebraoperations.

Whennumericallysolvingadifferentialequation,thediscretizationproceduresof-
tenresultin explicit (e.g. �X n+1 = A �X n + �F n ) or implicit schemes(e.g.A �X n+1 =
�X n + �F n ) with somematrix A = (A i;j ) i;j 2 I . Becausethematrix usuallyalsode-

pendson somedata(e.g. A( �X n ; �F n )) thereare two main computingtasks:the
assemblyof the matrix and the matrix vectorproduct.The assemblyof the ma-
trix ofteninvolvesdifferentialor evenintegralquantities,andnon-linearmappings.
For the implementationon the GPU the requiredoperationsarenot so important
sinceall of thestandardmathematicalfunctionsareavailable.Themainquestionis
which typesof data�o w (gathers,scatters)areinvolved.Thematrixvectorproduct
is usedto demonstratethedifferentdata�o w types.

A matrixvectorproductcanbeformulatedasaseriesof gatheror aseriesof scatter
operations.Consideringthe gathers�rst, the matrix vectorproductis a seriesof
gathersin form of innerproductsbetweenthematrix rowsandthevector:

A �V =
�

�A i; � � �V
�

i 2 I
=

0

@
X

j 2 I

A i;j
�Vj

1

A

i 2 I

; �A i; �:= (A i;j ) j 2 I (matrix row):

The fragmentprogramimplementsthe inner product
P

j 2 I A i;j
�Vj . Recall that the

outerloop over i is implicit, seeSection2.1.This executesfaston theGPUif the
nodevaluesrequiredto computethenew element(A �V) i arespatially(in thegrid)
closeto �Vi . Commonly, bandmatricesareencounteredwhich ful�ll this property.
A matrixbandis de�ned asthevector4

~Ak := (A i � k;i ) i 2 I ; k 2 I :

4 illegal matrixentries,e.g.A � 1;0, aresetto zero
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For examplein 2D, if for all i 2 I thecomputationof theelement(A �V) i requires
�Vi andits 8 spatialneighbors,thenthematrixhas9 bands.Thegathersin thematrix
vectorproductcanbeexecutedin parallelvery ef�ciently asthey only access2D
neighborvaluesof thecurrentinputvalue,which is very fast(seeSection3.1).

Similar to theothervectors,bandsarestoredasd-dimensionalarrayson theGPU.
Whenthematrix is representedin this form theassemblyof thematrix is alsoeasy.
Onede�nes thearraysasoutputarraysandexecutesa kernelwhich assemblesthe
bandsof thematrix in theproblemspeci�c manner.

If the matrix vector productrequiresslow accessesto valuesfar away from the
currentinput value,a reformulationin termsof global staticscatters(seeSection
3.4) is advantageous:

A �V =
X

k

Tk

�
~Ak � �V

�
;

�
�X � �Y

�

i
:= �X i � �Yi ; Tk( �X ) :=

�
�X i + k

�

i 2 I
:

Here,� denotesthecomponent-wisemultiplication,andtheglobalstaticscatteris
representedby the index translationTk . This versionneedstwo processingsteps.
The�rst stepcomputesthecomponent-wisemultiplicationfor all matrix bandsin
a fragmentprogram.The secondstepexecutesthe sumover the resultsfrom the
�rst stepin a new fragmentprogram,and a vertex programperformsthe index
translations.So the slow accessto distantvaluesnecessaryin the former gather
formulation,is replacedby a seriesof cheapindex translations.But becausethe
translationsareglobalthisscatterreformulationis only applicableto bandmatrices
or at leastmatriceswith local bandstructure.SeeBolz et al. (2003);Kruegerand
Westermann(2003)for totally unstructuredsparsematrices.

Unfortunately, thereis onemorecomplicatingfactorconcerninglinearalgebraop-
erationsonGPUs.Becauseof thevery low computationalintensity, thematrixvec-
tor productcannotexploit thehighparallelprocessingpowerof GPUs(seeSection
3.6)andthusperformsvery bad.Thesolutionto this problemis theintermingling
of the assemblyof the matrix with the matrix vectorproduct.The matrix should
almostnever beassembledcompletelyon theGPU.Only few expensive interme-
diateresultsshouldbegenerated.Then,insteadof executingthetotally inef�cient
purematrix vectorproduct,it is combinedwith the assemblystepwhich �nishes
thegenerationof thematrix on-the-�y beforeeachproduct.This increasestheop-
erationcountbut thefew intermediateresultsdecreasethebandwidthrequirements
and thus dramaticallygain performance.Rumpf and Strzodka(2005) give more
detailson this technique.
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Fig. 4. Datastorageconceptfor particlesystems(left) andtwo depth-mapsaspartsof a
complex boundaryrepresentationof astatue(right).

4.2 Particles

Besidesgrid-basedapproaches,particlesareoftenusedin simulations,in particular
in ComputationalFluid Dynamics(CFD).In general,theparticlesin aparticlesys-
temcanbeuncoupled,staticallyor dynamicallycoupled.Startingwith uncoupled
particles,only theparticlemotionneedsto becomputed.

SincetheGPU'snativememorylayoutis 2D (seeSection3.1),thedatafor asingle
particleis naturallystoredat a unique2D arraypositionin severalarrays(seeFig-
ure4, left). Giventheposition~xn , thevelocity~vn , someforce ~F n andthetime-step
width � in time-stepn aparticlewith massm is traced

~xn+1 := ~xn + � ~vn ; ~vn+1 := ~vn + � ~F n=m:

BecauseinputandoutputregionsaredistinctonGPUs(seeSection3.3)two arrays
for thedataof two consecutive time-stepsn; n + 1 areneeded,anda �ip-�op algo-
rithm which exchangestherole of input andoutput.Theabove formuladescribes
�rst ordermotion.Applying higherprecisionintegration,possiblymorethantwo
dataarrayshave to beusedin a ring-buffer like manner. Moredetailscanbefound
in Kipfer etal. (2004)andKolb etal. (2004).

Correct treatmentof boundariesis very important for particle motion. One can
representthe boundaryusing simple primitives parameterizedby a set of static
variables.Alternatively, morecomplex shapedboundariescanbedescribedusing
several2D distance-mapsfrom differentperspectives(seeFigure4 right andKolb
et al. (2004)).Eachdistancemaprepresentsa speci�c portionof theboundaryas
z-distancevaluesw.r.t. a 2D-planein an appropriatelocal coordinatesystem.Of
course,this approachis restrictedin thesense,that local concavities maycausean
erroneousboundaryrepresentation.

In uncoupledsystemsthe forces ~F n maybedynamicallycomputed,time-varying
andattractingor repellingpoint-forces,or staticandglobal3D-force-�eldsstored
in 3D arrays.In coupledsystemstheforces ~F n dependon thepositionof othera-
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priori speci�edparticles(staticcoupling),or all particlesin acertainneighborhood
(dynamiccoupling).

Theabove dataconceptcanbeeasilyextendedto staticallycoupledsystemsusing
the gatheringtechnique.The demonstrationNVIDIA (2005)shows the principal
approachusingsimplelinearsprings.

In dynamicallycoupledsystemsusuallythen-nearestneighborproblemhasto be
solved. Parallel sorting algorithmscan be utilized to realizea sortedscatterap-
proach(seeSection3.4).Algorithmically, parallelsortingis not optimaldueto its
runtimecomplexity, but only thesekind of algorithmscanbeusedonGPUs.Kipfer
et al. (2004)usethebitonic mergesort for globalparticlesortingcombinedwith a
spacesubdivisiontechniqueto approximatively detectparticle-particlecollisions5 .

Applying this techniqueto morecomplex couplingschemesis ratherdif�cult, e.g.
SmoothedParticle Hydrodynamics(SPH)models�uids basedon particlemotions
andappliesforcesto ensurethe Navier-Stokesequations(seeGingold andMon-
aghan(1977)).Here,theneighborhoodmayincludeseveralhundredparticlesand
approximative neighborhooddetectioncausesproblems,i.e. discontinuousforces
over time. Müller et al. (2003)discussesa cacheoptimizedCPU implementation
allowing interactive SPHsimulationsup to a few thousandparticlesusinga space
subdivision technique.Kolb (2005)givesaconceptof implementingdynamiccou-
pled particlesystemson the GPU without sorting.The key ideais to accumulate
force contributionsof singleparticlesdescribedby the SPH-equationsin 3D ar-
rays,which representa spacialdiscretization.Theresultingforcesaremodeledas
accumulationsof 3D “foot-prints” of theparticles.

UsingGPUsfor particlesimulationperformswell for uncoupledparticlesystems.
Up to 1 Mi particlescanbeinteractively simulatedandrendered.Thehighcompu-
tationalcostsfor keepingtrackof thespatialneighborhoodfor dynamiccoupling
reducestheinteractivity signi�cantly.

5 Futur eDevelopments

Therecenttrendsin increasingprocessingpowerareexpectedto continueasGPUs
continueto drive ever improving graphicsfor games.A largepartof this progress
hasbeenimprovementsin control�o w for thevertex andfragmentprogramsin the
GPUs,including featuressuchaspredication,loopsandjumps.A recentchange
in thegraphicspipelinethat improvesprogram�e xibility is theuni�ed shaderar-
chitecture usedin Microsoft's XBox360GPU.This architectureuni�es whatwas
separatephysicalGPUresourcesin thevertex andfragmentprogramsandcreates

5 notall neighboringparticlesaredetected
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a singlelargeresourcefor both typesof operations.For simulationthis canresult
in potentiallybetterperformanceasmostcomputationsareperformedin thefrag-
mentprogramandthevertex programis oftenidle.Anotherfeatureof theXBox360
GPUis a scatterwrite. This instructionallows theprogramto write to severaldy-
namicallycomputedaddressesin thevideomemorywithout therestrictionsseenin
currentGPUs.Similar functionalityis to beexpectedin futureGPUsfor PCs.

As kernel programshave becomemore commonplacein GPU applicationsthe
lengthof theseprogramshasgrown. At thesametime thenumberof outputsthat
canbe written to memoryin parallelhasnot increasedasrapidly. Futuregames
will tendto have moreinstructionsperfragmentandcurrentandfutureGPUswill
take advantageof this increasedarithmeticintensityby increasingthe numberof
instructionsthatcanbeexecutedin parallelontheGPUperclockcycle.RecentPC
graphicschipshave16pipelineswhile theXBox360GPUhas48.

FutureAPIs will look towardsan increasingfocuson standardized�oating point
behavior by usingthe IEEE standardfor 32 bit �oats. This will ensurethatsimu-
lation resultsfrom GPUsclosermatchto thosecomputedby CPUs.During recent
yearsdifferentgenerationsof GPUshave hadvaryingprogramsizesandtherapid
changein thesevariationshasmadeit dif�cult for usersto know the underlying
capabilitiesof any particularhardware.This hasleadto API's moving towardsre-
quiring thehardwareto provide virtualizationof hardwareresourcesandallowing
theAPI to presenttheprogrammerwith a programmingmodelthathasunlimited
resourcesin termsof instructionsandregisters.

Moderngamesareusinga form of lighting know asHigh DynamicRange(HDR),
which typically uses�oating point precisionto representlight in a scene.As this
becomescommonplacein most games,GPUswill start to changethe previous
focuson low precisionnumberformatssuchas8 bit perchannelandincreasingly
startto optimizefor higherprecisionsuchas32 bit �oating point. This changein
focuswill alsoimprove performancefor simulationandcomputationusingGPUs.
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