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Abstract

GraphicsProcessotJnits (GPUs)have emegedaspowerful parallelprocessorén recent
years.Although oating point computationsand high level programminglanguagesare
now available,the ef cient useof theenormousomputingpower of GPUsstill requiresa
signi cant amountof graphicsspeci ¢ knowledge.

The paperexplainshow to useGPUsfor scienti ¢ computationsvithout graphicsspe-
ci ¢ terminology It offersanalgorithmicview on GPUswith comparison$o cacheaware
andparallelprogrammingof CPUs. Two typical simulationtechniquesnamelygrid based
andparticlebasednethodsarediscussed.

1 Intr oduction

Threemajor factorsmake the developmentof graphicshardware basedon com-
modity PCstruly outstandingn recentyears.First, the computationalpower of
graphicsprocessingunits (GPUs)for commodity PC hardware hasgrovn much
fasterthanfor CPUs.Second the high performances available at a very good
cost/performanceatio. Finally, within the last2-3 years,GPUshave becomepro-
grammableby highlevel languages.

From an abstractpoint of view, the GPU is a parallel streamingprocessoy par
ticularly suitablefor the fastprocessingof large arrays.Thus, mary researchers
have startedutilizing graphicsprocessorso enhancehe performancef their spe-
ci ¢, in mary casesnon-graphicsapplicationsandsimulations.The special eld
of “General-Purposeomputationon GPU (GPGPU)” hasevolved (seeGPGPU
(2005)),and Owenset al. (2005) offers a surwey of this emeging researcharea.
Although performancegainsdependstrongly on the application,one cansaythat
speedupgactorsarounds againstalgorithmson the CPUarecommonlyreported.
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This introductory paperaimsto give an overviev on the GPU from a datapro-

cessingperspectie. It presentsan abstractview on the GPU accessibléo anyone
experiencedvith CPU programmingThefocusis onthe mainconceptghatallow

usto determineif a givenalgorithmor computationcanbe ef ciently performed
ontheGPU.

Theremaindepof this paperis structuredasfollows. Section? discussesonceptual
aspectof GPUprogrammingSection3 providesanalgorithmicunderstandingf
the GPU. Section4 describessxamplesof GPU-basedsimulations,and Section
5 discusseglevelopmentsto be expectedin the nearfuture and their impact on
scienti c computation.

2 Programming the GPU

This sectionpresentsa short discussionof GPU programming,focusingon the
concepbf data-streanprogrammingSection2.1)andon programminganguages
(Section2.2).

2.1 TheConceptof Data SteamProgrammingon the GPU

Instructionstreamprogrammingis the traditional model usedin CPU program-
ming. Its datamodelis basedon a von-Neumanrarchitecturewhereinstructions
anddataare storedin the samememory Instructionsreferto the dataneededor
executionand potentially to otherinstructionsin the caseof branching.During
processingthedatarequiredfor aninstructions executionis loadedinto thecache,
if notalreadypresentThismodelis very e xible, but hasthedisadwantagehatthe
data-sequends completelydrivenby theinstructionsequenceyieldinginef cient
performancedor uniform operationson large datablocks.

In datastreamprocessingpn the otherhand,the processois rst con gured by
the instructionsthat needto be performedandin the next stepa data-streams
processedT he executionis performedef ciently by mary depth-parallelnitsin
the pipeline.Given sufcient memorybandwidth,and morethanone processing-
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pipeline,the executionis alsoparallelizedn breadthby distributing it amongser-

eral pipelines.GPUscurrentlyfocus on breadthparallelismusing Single Instruc-
tion Multiple Data (SIMD) processingunits (4 componentvectors),and pipeline
arrangementsimilar to vectorprocessor$16 pipelines).But they will eventually
have to applymoredepthparallelism(pipelining)to reducethe bandwidthrequire-
ments.

Datastreamprocessings advantageousvhenlarge datablocksundego the same
operationpecausehis allows thememoryef cient streamingandparallelprocess-
ing of thedata.For atypicalexample considemmatrix-matrixadditionC = A+ B
(assumingoropermatrix dimensions)Listing 1 compareghe differentcomputing
paradigmsThe outertwo loopsoveri,j drive the dataaccessn theinstruction
processaqrbut do nothave ary effectonthe nal result.Thealternatve data-stream
approachsimply de nes the input and outputarrays,andthe loop bodyin a ker-
nel, which is the codeusedto obtaina singleresultingdataelement.This model
givesthe processothe freedomto decideon the order of executionin the outer
loops. This exampleis stereotypicafor generalpurposecomputationson GPUs
andSection3 furtherdevelopsthe understandingf leveragingGPUsasfastarray
processors.

2.2 ProgrammingLanguaes

For programmingthe GPU oneneedsa graphicsApplication Programmingnter-
face (API), which understands$unction calls similar to thosein Listing 1, anda
graphicdanguagdor the kernelsthatarepassedo loadKernel

/I instruction stream /l data stream
for(i=0; i<NumRows; i++) setinputArrays( A, B);
for (j=0; j<NumCols; j++) setOutputArrays( C);
Clilli= ATGI+BIGL loadKernel("return a+b;";
execute( );

Listing 1: Two implementationsf thematrix-matrixaddition.Thesmalllettersa; b
usedin thekernelprogramreferto the currentelementf the matricesA; B.



Thetwo majorgraphicsAPIs areOpenGL(2005)andMicrosoft's DirectX (2005).
Implementation®f theseAPIs areavailablefor avarietyof languagese.g.C/C++,
Java, Delphi, Fortran, Perl. But both, OpenGL and DirectX target graphicspro-
grammingandthusone mustencapsulat¢he natve API functionalityin alibrary
to make the codelook asnicely asin Listing 1.

The kernel programscan be written eitherin assemblyor C-like high level lan-
guageswhicharepreferredFor OpenGL theOpenGLShading.anguagéGLSL),
for DirectX9theHigh Level Shading_anguagdHLSL) canbeused.Thethird lan-
guageCg (“C for graphics”)canbeusedwith OpenGLandDirectX, but requiresa
compilerto translatehe codeto therequiredplatform.

CurrentGPUscontaintwo programmablestagesnvherekernelscan be executed:
the vertex andthe fragmentprocessarAccordingly thereare two typesof kernel
programs.vertex programsand fragmentprograms! . In array processingvertex

programsypically controlthe index rangesof the input arraysandfragmentpro-

gramscontainthe operationgo be executedon thedata.Sofragmentprogramsare
usuallythemostimportantpartof thealgorithmasin Listing 1. In thisexample,no

vertex programneeddo be speci edbecauséhe entirearraysareused.

Recapitulatingpne needssereral piecesof codeto implementan arrayoperation
on the GPU: the data- ow speci cationwritten in a commonhigh level language
usingthegraphicsAPI, thefragmentprogramfor thedatacomputationn agraphics
languageandpossiblya vertex programfor the settingof index ranges.

Severalprojectstry to further simplify this procedureBuck et al. (2004); McCool
andToit (2004);McCormicketal. (2004)describestreamprogrammingdanguages
which extendC to provide simpledata-paralletonstructdo allow usingthe GPU
asastreamingcoprocessoiT hey abstractindvirtualizemary aspect®f theunder
lying graphicshardware sothatthe programmexdoesnot needto understandhow
to usetheunderlyinggraphicsAPI.

3 An Algorithmic GPU Model

Thissectiondiscussebasicpropertief GPUswhicharedecisve for thedesignof
ef cient algorithmson this architecturelt focuseson problemsthatcanbe solved
by storingdatain large arraysand operationghat manipulatethe array elements.
The ef cient implementatiorof datastructuresuchasstacks treesor hashesare
muchmoredif cult on GPUsandrequireadeepinsightinto thearchitectureCon-
sequentlyonly thesimilaritiesanddifferenceof CPUsandGPUsasfastdataarray
processorarediscussedlhefocuswill lie onef cient manipulatiorof largearrays

L historically theseprogramsareoften calledvertex shaderandfragmentor pixel shader



Tablel
Algorithmic CPU-GPUcomparison

Property CPU GPU

native memory 1D 2D

layout

inbutarravs natve 1D; higher dimen-| native 1D, 2D or 3D; higher

b y sionswith offsets dimensionswith offsets

outputarravs natve 1D, higher dimen- | native 2D; otherdimensions
P y sionswith offsets with offsets

overlap of mput allowed notallowed

andoutputregions

gathers arbitrary arbitrary

scatters arbitrary global,regular, or emulated

dynamicbranching

supportedthrough specula-
tive execution, but still not
desirablan loops

primitive or no support,
should usually be resohed
by subregyion processing

highest precision
numberformat

double (s52el1l) or long
double(s63e15)

oat (s23e8)

ideal computa-
tional intensity for

8, (= 3200MHz 16byte
(SSE oat4) = FSB300= 64

8 (= 16 pipelines 500
MHz 32 byte (2x oat4) =

oats bit)

PQI? 500=256bit)
2

or largearrayregionswhich allow parallelprocessingf thearrayelements.

3.1 NativeMemoryLayout

Thenatve memoryaddresspacdor aCPUis 1D. Dueto thecachingmechanism,
accessinga dataelementin direct 1D-neighborhoodo the one recentlyusedis
fast.Accessingelementdartheraway, in senseof the 1D distancejs slower. Since
higherdimensionahrraysarerealizedby applyingaddress-d$ets theaccesss not
equallyfastin all spacialdirections e.g.afterreadinga[i][j ] accesso a[i][j + 1] or
ali]j + 2]isfast,while accesgo afi + 1][j] is slow.

For GPUsthe natve memoryaddresspacds 2D. Therefore 2D arraysarenative
objectsfor GPUsanddatais commonlyorganizedasa collectionof 2D arrays’.
Accesstimesare optimal if the 2D distanceto the currentlocationis small, e.g.
afterali][j ] accesso a[i][j + 1]anda][i + 1][j ] is equallyfast.Otherdimensiongan

2 in graphicsterminology a native 1D, 2D or 3D arrayis a 1D, 2D or 3D texture
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Fig. 3. Memorylayoutfor the GPU (left), CPU (right); darkgrayindicatesfastaccess.

berepresentedith offsetsasfor CPUs,but this alwaysincludesthe costsof offset
computationsLefohnetal. (2005)discusssuchkind of mappings.

GPUsalsosupportnative 1D and 3D arraysto someextent, but restrictionscon-
cerningtheir usageapply Additionally, 1D arrayslack the fastaccesdgo vertical
neighborsn 2D, andfor 3D theaccesso neighborsn thez-directionis notalways
asoptimizedasfor x andy. Therefore conceptuallyonecanthink of GPUsasfast
2D arrayprocessors.

3.2 ArraySizes

Thesequentiaéxecutionengineof aCPUcanprocessarny amountof data:largear
rays,smallarraysandsingleelementsDependingpnthecachesize(0:5 4MiB 2)
a certainarraysizeis ideal for performancebut belown that size large sequential
datacollectionsarebetterthanmary distributedsmallones.For the GPUasimilar
reasoningappliesbut with muchhigherfactors.The limit sizebeyondwhich per
formancestartsto degradesigni cantly is very high (> 64 MiB). But performance
dropsdramaticallyif only smallamountsof dataareprocessedequentially

Thereforegf cient processingliwayshasto specifyanentirearrayor asufciently
large region thereof,sayat least1000elementsFor 2D arraysthe regionsaretyp-
ically rectanglesin general,a polygon, horizontaland vertical line segments,or
even a point cloud canalso sene asa region, but this is in the given orderless
andlessef cient. The performanceof GPUsbene ts signi cantly from large and
spatiallycoherentegions.Therefore pneusuallyoperateon rectangularegions,
evenif thisleadsto unnecessargrocessingf certainelements.

Currently eacharray dimensionon all GPUsis restrictedto 4096 Therefore, 1D
arrayscannothold mary items.On the otherhanda 4096 4096 oat 2D array
alreadyconsume$4 MiB, suchthatit is fairly easyto utilize the entirememoryof
agraphicscard(128512MiB) with afew 2D arrays.

3 InternationaktandardEC (2000):M= 10°, Mi= 220 andsimilar for Ki, Gi.



3.3 InputandOutputRegions

OntheCPUit is possibleto readandwrite to any arrayduringanoperation.There
areno restrictionson the input andoutputaddresseslhis is corvenient,but over-

lappinginputandoutputregionscauseseverecachesynchronizatiomproblemsand
thuscandegradeperformance.

The computationon the GPU is organizedin processingstepseachinvolving at
leastthousand®f elementsDuring a processingtepGPUsmaintaina clearsep-
arationbetweenthe input and outputregions (with few specialexceptions).This
avoids datasynchronizatiorproblemsandallows massvely parallelprocessingf
the array elementsandlong pipelines.The outputarraysin GPU operationsare
always2D, while theinputarraysmaybe 1D, 2D or 3D.

Thereare currentrestrictionsconcerningthe maximal numberof input (32) and
output(4) arrayswhich canbe involved simultaneouslyn a processingstep.But
bothnumbersarelik ely to rise signi cantly in the nearfuture.

3.4 DataFlow

Givenseveralinputandoutputarrays the stepsof analgorithmaremainly acom-
binationof two differenttypesof data o w:

Gather: After specifyingthe outputregions, 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 value of a correspondingputputelement.Iin
generalthe sameoutputvaluemay bewritten to several positionsor to none.

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

In the rst caseheoutputregionis clearlystructurecandtheinputelementsnaybe
chaoticallydistributed,in the secondcaseit is vice versa.Both typesof data o w
areoftenusedsimultaneously

For CPUsthereareno restrictiondrom which positionsin theinputarraysthedata
is gatheredandto which positionsin the outputarraysit is scatteredFor 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 processedndividually, including



possiblediscardsand overwritesof outputvalues.Processingf point cloudsis
signi cantly slowerthanthe processingf rectangularegions.

Scatterreformulated asgather, i.e. a gatheroperationis performedwhich pro-
duceghe sameresultasthe scatter Thistechniquecaneasilydealwith multiple
outputpositionsperoutputvalue,but for anef cient gatheroperatiornthescatter
musthave almostthe sameform for all input positions.ldeally the offsetsof the
output positionsto the correspondingnput position are the samefor all input
positions.

Sorted scatter, i.e. initially, datais not scatteredut ratherthe outputpositionis
appendedo the outputvalue andthe items are sortedaccordingto the output
positionin a subsequengtep.To reducesortingrequirements smallboundon
the maximaloffset of the outputpositionto the correspondingnput positionis
helpful.

Hence,gatheroperationsare exploited widely on GPUs,while the above scatter
emulationsnustbeappliedwhencomple scattercannoteavoidedin algorithms.
Ontheotherhandit is sometimesdwantageouso useglobalstaticscattersnstead
of gatherg(seeSectiord.1).

3.5 Conditionals

Within the loop body the CPU may always execute elementdependenif-else
branchesr evennestedoops. This often deteriorateperformanceandwheneer
possibleoneshouldmove the conditionalsbeforethe loopsandpossiblycodedif-
ferentloop bodiesfor differentsubset®f the processedegion.

The samestratgy shouldbe appliedmoreaggressiely for GPUs,becausehere-
sulting gains are higher Formally GPUsalso allow to use arbitrary conditional
constructsn loop bodies,but high costsare associatedavith dynamicbrandesif
they arenot spatiallycoherentQuickly oscillatingbranchesn aloop prohibit the
pureparallel SIMD processingf the arrayelementsTherefore jdeally the same
operationshouldbe appliedto all elementf theinputregions.The problemlies
only with the dynamicbranching,.e. whendifferentcodeis executeddepending
on acondition,e.g.conditionalassignmentsvith theternaryC-operator?: or un-
rollableloops,i.e.loopswith a x ednumberof iterations,arenota problem.

3.6 NumberFormatsand Opeiations

CPUsnatively supportinteger and oat operationsof different precision.GPUs
currentlyhave no integerformatsandoffer x edpointand oating pointnumbers
of differentprecision Major representationsre8 bit x edpointnumbersands23e8
single oat. Besidesthe scalarvalues,GPUsalso have native vectorsof up to 4



componentse.g. oat2, oat4. Basicallyall standardnathematicabperationge.g.
+-*/, sin, atan,log, sqrt, pow) are available and most of them can be executed
directly onthesenative vectors.Thereforethey shouldbe usedwhentheinputdata
suggestsucha grouping,but it is not necessaryo formulatethe entire codein

oat4 operationsge.g. GPUscanprocessa scalaranda oat3 insteadof a oat4

operation(co-issue).

In scienti c computationsgGPUsusually operateon oats which are four times
larger thanthe previously used8 bit x ed point numbersthusthe bandwidthre-
quirementasquadrupledThisleadsto asimilarsituationasonthe CPU,thatmore
operationsanbe executedn thechip thanthe memorybuscanprovide datafor in
oneclock cycle. ThuscurrentGPUsrequirea computationaintensityof approxi-
matively 8, i.e. 8 operationsnustbe performedon each oat readfrom memoryto
keepthe processingpower andthe memorybandwidthin balance.

3.7 Summary

GPUsarefast2D array processorsThey concentrateon the parallel processing
of the array elementsand thereforerequire a relatvely large region (e.g. 32x32
elements)n eachprocessingstep.During the processingstepthe corresponding
input andoutputregionsmustbe distinct. The data o w is primarily controlledby
gatheringarbitrary elementsof otherinput arrayswhile the scatteringof output
valuesmust be realizedwith other methods.Concerningoperationsall standard
mathematicafunctionsare available but conditionalsshouldbe avoidedinside of
loops.Tablel alsopresentsa summaryof the mainproperties.

4 Scienti c Computationsonthe GPU

Datain scienti c computationgs oftenrepresentedh arraysandlarge dataregions
undego the sameoperationsThe GPU is optimizedfor suchprocessingandcan
thereforespeeduphe solutionof variousproblems.Two popularspatialdiscretiza-
tion methoddor differentialequationsarediscussedpamelygridsandparticles.

4.1 Grids

Gridsdiscretizea continuousdomainby introducinga numberof discretecontrol
nodesin the domain.In theselocationsthe nodestypically representhe value of
the continuoudunction (Finite Differences)pr the integral of this functionin the
surroundingvoronoicell (Finite Volumes) or theintegral of this functionweighted



by abasisfunctionof this node(Finite Elements)In ary casethe collectionof the
nodalvaluesformsanodalvectorV = (V;)i»,, wherel is someenumeratiorof the
nodes.This vectoris the discreterepresentationf the continuousfunctionin the
domain.

OntheGPUthenodalvectorV is storedin thenative 2D or 3D arrays.Givenacer
tain nodeoneoftenrequiresaccesso its spatialneighbornodes For unstructured
gridsthisis cumbersomen GPUsandthereadelis referredto Bolz et al. (2003);
KruegerandWestermanr§2003)for possiblearrangementg:or dynamicadaptve
gridsseelLefohnetal. (2005).But for tensorgridsthe situationis very corvenient.
If the nodalvectorV of a d-dimensionakensorgrid is storedin a d-dimensional
array thenthe spatialneighborhoodelationsare presered in the array For ex-
ample,the nodalvectorV of a 257 257 grid discretizing[0; 1> can be stored
in v[257][257] suchthatthe nodevalue(i; j ) is storedin v[i][j ]. In mostGPU ap-
plicationsthe tensorgrid is even x ed with nodepositions(x = j=w;y = i=h).
Notethatirrespectve of how the vectorsarestoredthey arealwaystreatedasone
dimensionaktructuresn thefollowing linearalgebraoperations.

Whennumericallysolvinga differentialequationthe discretizatiorproceduresf-
tenresultin explicit (e.g.X "** = AX " + F") orimplicit schemege.g.AX "*1 =
X"+ F") with somematrix A = (Aj; )ij 21 . Becausahe matrix usuallyalsode-
pendson somedata(e.g. A(X"; F")) thereare two main computingtasks:the
assemblyof the matrix and the matrix vector product. The assemblyof the ma-
trix ofteninvolvesdifferentialor evenintegral quantitiesandnon-lineamrmappings.
For the implementatioron the GPU the requiredoperationsare not so important
sinceall of the standardnathematicalunctionsareavailable. The mainquestions
whichtypesof data o w (gathersscatterspareinvolved. The matrix vectorproduct
is usedto demonstrat¢he differentdata o w types.

A matrixvectorproductcanbeformulatedasa seriesof gatheror a seriesof scatter
operationsConsideringthe gathers rst, the matrix vector productis a seriesof
gathersin form of innerproductsbetweerthe matrix rows andthevector:

0 1

X
AV = A V . @ A VA Ai = (Aij)j21  (matrix row):
izl i21

ThefragmentprogramimplementstheinnerproductP i21 Aij Vi . Recallthatthe
outerloop overi is implicit, seeSection2.1. This executedaston the GPUIf the
nodevaluesrequiredto computethe new element(AV); arespatially(in thegrid)
closeto V;. Commonly bandmatricesareencountereavhich ful Il this property
A matrix bandis de ned asthevector*

Kk:: (A, kii)iZI ; k21:

4 illegal matrix entries .9.A 1.0, aresetto zero

10



For examplein 2D, if for all i 2 | thecomputatiorof theelement(AV); requires
V; andits 8 spatialneighborsthenthe matrix has9 bandsThegatherdan thematrix

vectorproductcanbe executedin parallelvery ef ciently asthey only accesD

neighborvaluesof the currentinputvalue,whichis very fast(seeSection3.1).

Similar to the othervectors bandsarestoredasd-dimensionakrrayson the GPU.
Whenthe matrixis representeah thisform theassemblyof thematrixis alsoeasy
Onede nesthearraysasoutputarraysandexecutesa kernelwhich assembleghe
bandsof the matrix in the problemspeci c manner

If the matrix vector productrequiresslon accesse$o valuesfar awvay from the
currentinput value,a reformulationin termsof global staticscattergseeSection
3.4)is adwantageous:

X
AV= T AX V ; X Y =X Y TX) = Xk,
k

Here, denoteghecomponent-wisenultiplication,andthe globalstaticscatteris

representedby the index translationTy. This versionneedstwo processingsteps.
The rst stepcomputeghe component-wisenultiplicationfor 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 accesdo distantvaluesnecessaryn the former gather
formulation, is replacedby a seriesof cheapindex translationsBut becausehe
translationsreglobalthis scattereformulationis only applicableto bandmatrices
or at leastmatriceswith local bandstructure.SeeBolz et al. (2003); Kruegerand
Westermani§2003)for totally unstructuredgsparsematrices.

Unfortunatelythereis onemorecomplicatingfactorconcernindinearalgebraop-
erationson GPUs.Becaus®f theverylow computationaintensity thematrix vec-
tor productcannotexploit the high parallelprocessingrowver of GPUs(seeSection
3.6) andthusperformsvery bad.The solutionto this problemis theintermingling
of the assemblyof the matrix with the matrix vector product. The matrix should
almostnever be assembledompletelyon the GPU. Only few expensve interme-
diateresultsshouldbe generatedThen,insteadof executingthe totally inef cient
pure matrix vectorproduct,it is combinedwith the assemblystepwhich nishes
the generatiorof the matrix on-the- y beforeeachproduct.This increaseshe op-
erationcountbut thefew intermediateesultsdecreas¢éhe bandwidthrequirements
and thus dramaticallygain performanceRumpf and Strzodka(2005) give more
detailsonthistechnique.

11
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Fig. 4. Datastorageconceptfor particle systemgleft) andtwo depth-mapss partsof a
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4.2 Particles

Besidegrid-basedipproacheqarticlesareoftenusedin simulationsjn particular
in ComputationaFluid Dynamics(CFD). In generaltheparticlesin a particlesys-
temcanbe uncoupledstaticallyor dynamicallycoupled.Startingwith uncoupled
particlesonly the particlemotionneedgo be computed.

Sincethe GPU's native memorylayoutis 2D (seeSection3.1),thedatafor asingle
particleis naturallystoredat a unique2D arraypositionin severalarrays(seeFig-

ure4, left). Giventhepositionx", thevelocity¥", someforceF" andthetime-step
width in time-stepn a particlewith massm is traced

¥z "+ ¥ ="+ Fom:

Becausenputandoutputregionsaredistincton GPUs(seeSection3.3)two arrays
for thedataof two consecutie time-steps; n + 1 areneededanda ip- op algo-
rithm which exchangeghe role of input andoutput. The above formula describes
rst ordermotion. Applying higherprecisionintegration,possiblymorethantwo
dataarrayshave to beusedin aring-buffer like mannerMore detailscanbe found
in Kipfer etal. (2004)andKolb etal. (2004).

Correcttreatmentof boundarieds very importantfor particle motion. One can
representhe boundaryusing simple primitives parameterizedby a setof static
variables Alternatively, more comple shapedoundariesanbe describedusing
several 2D distance-map&om differentperspecties(seeFigure4 right andKolb
etal. (2004)).Eachdistancemaprepresents speci ¢ portion of the boundaryas
z-distancevaluesw.r.t. a 2D-planein an appropriatdocal coordinatesystem.Of
coursethis approachs restrictedin the sensethatlocal concaities may causean
erroneoudoundaryrepresentation.

In uncoupledsystemghe forcesF" may be dynamicallycomputedtime-varying
andattractingor repellingpoint-forces or staticandglobal 3D-force- elds stored
in 3D arrays.In coupledsystemgheforcesF" dependon the positionof othera-

12



priori speci edparticles(staticcoupling),or all particlesin a certainneighborhood
(dynamiccoupling).

Theabove dataconceptcanbe easilyextendedto staticallycoupledsystemsusing
the gatheringtechnique.The demonstratiolNVIDIA (2005) shavs the principal
approactusingsimplelinearsprings.

In dynamicallycoupledsystemsausuallythe n-nearesheighborproblemhasto be
solved. Parallel sorting algorithmscan be utilized to realizea sortedscatterap-
proach(seeSection3.4). Algorithmically, parallelsortingis not optimaldueto its
runtimecompleity, but only thesekind of algorithmscanbeusedon GPUs Kipfer
etal. (2004)usethe bitonic mege sortfor global particlesortingcombinedwith a
spacesubdvisiontechniqueto approximately detectparticle-particlecollisions® .

Applying this techniqueto morecomplex couplingschemess ratherdif cult, e.g.
SmoothedParticle Hydrodynamic{SPH)models uids basedon particlemotions
andappliesforcesto ensurethe Navier-Stokes equationgseeGingold and Mon-
aghan(1977)).Here,the neighborhoodnay include several hundredparticlesand
approximatve neighborhoodletectioncausegproblems,i.e. discontinuoudorces
over time. Muller et al. (2003)discusses cacheoptimizedCPU implementation
allowing interactve SPHsimulationsup to a few thousandparticlesusinga space
subdvisiontechniqueKolb (2005)givesa concepif implementingdynamiccou-
pled particle systemson the GPU without sorting. The key ideais to accumulate
force contrikutions of single particlesdescribedby the SPH-equationsn 3D ar
rays,which represent spacialdiscretizationThe resultingforcesaremodeledas
accumulation®f 3D “foot-prints” of the particles.

Using GPUsfor particlesimulationperformswell for uncoupledparticlesystems.
Upto 1 Mi particlescanbeinteractvely simulatedandrenderedThe high compu-
tationalcostsfor keepingtrack of the spatialneighborhoodor dynamiccoupling
reducegheinteractvity signi cantly.

5 Future Developments

Therecenttrendsin increasingorocessingpowver areexpectedo continueasGPUs
continueto drive ever improving graphicsfor games A large partof this progress
hasbeenimprovementsn control o w for thevertex andfragmentprogramsn the

GPUs,including featuressuchas predication,Joopsandjumps. A recentchange
in the graphicspipelinethatimprovesprogram e xibility is theuni ed shaderar-

chitecture usedin Microsoft's XBox360 GPU. This architectureuni es whatwas
separatghysical GPUresourcesn the vertex andfragmentprogramsandcreates

5 notall neighboringparticlesaredetected

13



a singlelarge resourcefor bothtypesof operationsFor simulationthis canresult
in potentiallybetterperformancessmostcomputationsareperformedn the frag-
mentprogramandthevertex programis oftenidle. Anotherfeatureof the XBox360
GPUis a scattermwrite. This instructionallows the programto write to several dy-
namicallycomputedaddressem thevideomemorywithouttherestrictionsseenn
currentGPUs.Similar functionalityis to be expectedn future GPUsfor PCs.

As kernel programshave becomemore commonplacein GPU applicationsthe
lengthof theseprogramshasgrown. At the sametime the numberof outputsthat
can be written to memoryin parallelhasnot increasedasrapidly. Futuregames
will tendto have moreinstructionsperfragmentandcurrentandfuture GPUswill
take advantageof this increasedarithmeticintensity by increasingthe numberof
instructionghatcanbeexecutedn parallelonthe GPUperclock cycle. RecentPC
graphicschipshave 16 pipelineswhile the XBox360 GPU has48.

FutureAPIs will look towardsan increasingfocuson standardizedoating point
behaior by usingthe IEEE standardor 32 bit oats. This will ensurethat simu-
lation resultsfrom GPUsclosermatchto thosecomputedby CPUs.During recent
yearsdifferentgeneration®f GPUshave hadvarying programsizesandtherapid
changein thesevariationshasmadeit dif cult for usersto know the underlying
capabilitiesof ary particularhardware. This hasleadto API's moving towardsre-
quiring the hardwareto provide virtualizationof hardwareresourcesndallowing
the API to presenthe programmemwith a programmingnodelthathasunlimited
resources termsof instructionsandregisters.

Moderngamesareusinga form of lighting know asHigh DynamicRange(HDR),
which typically uses oating point precisionto representight in a scene As this
becomescommonplacein mostgames,GPUswill startto changethe previous
focuson low precisionnumberformatssuchas8 bit perchannelandincreasingly
startto optimizefor higherprecisionsuchas32 bit oating point. This changen
focuswill alsoimprove performancdor simulationandcomputatiorusingGPUs.
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