A Comparison of Parallel Compositing
Techniques on Shared Memory Architectures

Erik ReinhardandCharlesHansen
Departmenbf ComputerScience

University of Utah
reinhardhansen@cs.utah.edu

Abstract. Parallel compositingtechniqueshave traditionally focusedon dis-

tributedmemoryarchitecturesvith communicatiorof pixel valuesusuallybeing

the main bottleneck. On sharedmemoryarchitecturescommunicationis han-
dled throughmemoryaccessesphviating the needfor explicit communication
steps.Sharedmemoryarchitecturesvith multiple graphicsacceleratorprovide

thecapabilityfor parallelrenderingwvhile combiningthe partialresultsfrom mul-

tiple graphicsadaptorsequirescompositing For thisreasonin this papershared
memoryarchitecture@re consideredor compositingoperations.A numberof

previously introducedparallelcompositingalgorithmsarecomparedn a shared
memorymachinejncludingthebinary swap andparallelpipelinetechniques.

1 Introduction

Compositingis a key operationin mary applicationsjncluding polygonrenderingand
volumerendering10]. It is anobject-parallefenderingapproachwhereeachrenderer
producesfull sizedimageof its sub-sebf objects.Combiningthesémageds asimple
processwhich involvesper pixel comparison®f depthvalues. As thesecomparisons
needo becarriedoutfor all pixels,compositings anexpensve processandis therefore
generallyunsuitablefor interactve applications.However, interactve compositingis
possibleif the compositingis donein parallel. Both hardware and software solutions
have beenproposed. An example of a dedicatedhardware compositingnetwork is
implementedas part of the PixelFlonw system,which is configuredas a pipeline of
compositorg3].

A numberof softwaresolutionsto parallelcompositinghave beenproposedaswell,
all working on generalpurposedistributed memoryarchitectures.Thesemethodsin-
clude parallel pipeline algorithms[6] andbinary swap [8, 4], which wasusedin the
Par\ox distributed volume renderingsystem[7]. The binary swap methodwas also
adaptedo work on parallelgraphicshardware[11]. Compressiorof the intermediate
imagegto reducenetwork bandwidthhave alsobeeninvesticgated[1].

A novel compositingschemdor sharedmemoryarchitecturebaseduponasimilar
ideato snoopingcachelines for cachecohereng was proposedby Cox and Hanra-
han[2]. In this method eachprocessosendsts active pixelsto theframe-tuffer while
the other processorsnoopthe pixels written. When one of the pixels written to the
frame buffer is closerto the viewer, in Z, thanthe correspondingctive storedpixel,
that active storedpixel is marked asinactive or invalidated. Thus, aseachprocessor
storesits setof active pixels, other processorseducetheir active pixel sets,thereby
reducingthe bandwidthrequiremenfor the compositeof all images.

Distributedmemorycompositinghasa numberof significantdravbacks.First, the
amountof datainvolvedin the compositingprocesss large. Therefore the amountof



datacommunicatiorbetweerprocessorss large. While compressioris onetechnique
for reducingthe amountof data[1], the compressiorcanincreasehe lateny during
the compositingphaseof rendering. The communicatiordelaysreducethe scalability
andefficiengy of parallelcompositingstratgies. Secondafterthe parallelcompositing
stageis completed,eachprocessoholds a completedsub-image. Thesesub-images
needto becollatedto producethefinal resultwhich canbedisplayed.

Sharednemoryarchitecturessuchasthe Silicon Graphicrigin 2000,offer paral-
lel graphicshardwarein conjunctionwith generapurposeparallelism.Thesemachines
areidealfor parallelpolygonrenderingutilizing the multiple graphicsadaptorsn par
allel. Thecompositingof theresultscanthenbe donein software,overlappingrender
ing with compositing. Therenderingstepwill scaldinearlywith thenumberof graphics
pipelineswhile the compositingstepshouldscalewell with thenumberof generabur
poseprocessorsvailable. Additionally, having theability to divide scalarfieldsamong
the graphicsadaptorscanallow interactive parallelvolumerendering. This technique
alsorequirescompositingof the partial imagesobtainedfrom the graphicspipelines
althoughthe compositingoperationsareblendedratherthanconditionallycombinedas
in the polygoncase.

For thesereasonssuchsharedmemoryarchitecturesnay provide a useful alter
native asa substratdor compositing. As communicatioris achieved via memory all
imagesthatneedto be compositednto one,canbereadby all processorsThis avoids
extensve datacommunicatiorandfor this reasonthe relative performanceof various
parallelcompositingstratgies,asreportedor distributedmemorymachinesmayturn
out to bedifferent. Secondlythis architectureallows the compositingprocesso pro-
ducethefinal resultwithout an extra collation step,therebyincreasingramerates.In
this paper the compositingalgorithmsmentionedabore areimplementedbn a shared
memoryarchitectureandtheir performancesre assessedWe alsocomparetheseal-
gorithmswith a straightforvard compositorwhich exploits the advantagesof shared
memorydirectly (Section4).

Thefollowing sectionsoutlinethe parallelcompositingalgorithmsandindicatethe
differencedetweerdistributedandsharednemoryimplementationgSection< to 4).
A discussiorof theirtime compl«ities andtheimplicationsoninteractve renderingare
discussedn section5. Therenderemwhich wasusedasa basisfor thesecompositing
algorithmds detailedn Sectiong, while testresultsarepresenteih Section7, followed
by conclusionsn thefinal section.

2 Parallel pipeline

Originally proposedfor meshconnecteddistributed memory machines,the parallel

pipelinealgorithmorganizesthe processoré aring. Theimagesandz-bufferswhich

areto be compositedaredivided into P sub-imageswhich equalsthe numberof pro-

cessorsThesesub-imagedlow aroundthering througheachprocessom P — 1 stages,
eachconsistingof a compositinganda communicatiorstep. The distributedmemory
algorithmis detailedin Figurel.

Adapting this algorithmto run on sharedmemory computersis straightforvard.
The sendandreceve instructionsare not necessaryas memorycanbe readdirectly.
Thereforejn eachof the P — 1 stageseachprocessocompositests sub-imagek with
thesamesub-imagehatbelongswith processopy,.

By replacingthelastiterationof thecompositingalgorithmwith acompositingstep
which writes the resultinto a contiguousblock of memory the final collation of sub-
images,necessann distributedmemorysolutions,canbe avoided. The resultcanbe
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Fig. 1. Parallelpipelinecompositingondistributedmemoryarchitecturegafter[6]). Left: graph-
ical representatiorRight: pseudo-codeThevariablesarecodedasfollows: P is thetotalnumber
of processorsH is totalimageheight, B andZ aresub-imagesindp; is processonumber:.
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Fig. 2. Binary swapcompositingondistributedmemoryarchitecturegafter[11]). Left: graphical
representatiorRight: pseudo-code.

displayeddirectly.

3 Binary swap

Thebinary swap algorithmwasoriginally implementedor CM-5 andT3D distributed
memorymachineqd8, 4]. Later, it wasadaptedo utilize graphicshardware[11]. The
distributedmemoryalgorithmis depictedn Figure2. Given P imagego becomposited
using P processorghealgorithmcompleteshecompositingaskin log P iterations.In
thefirstiteration,theimageso be compositedaresubdvidedinto anupperandalower
half. Eachprocessoiswapshalf its imagefor half the imageheld by a neighboring
processarBoth halvesarethencompositedn tandem.

In the next iteration, the half imagethat a processojust finished compositingis
recursvely subdiidedinto two sub-imagesOnesub-imagéds swappedwith the next-
nearesteighborand both processorsontinuecompositingtheir sub-images. After
log P iterations eachprocessoholdsafully compositedsub-imageAfter collatingall
partialimagestheresultcanbedisplayed.
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Fig. 3. Sharedmemorycompositing. Left: graphicalrepresentatiorshoving how threesub-
imagesarecompositedisingtwo processorsRight: pseudo-code.

The transitionto a sharedmemoryimplementationis accomplishedy remaving
the communicatiorstepsfrom the algorithm,aseachprocessocanreadanotherpro-
cessors sub-imagedirectly. Otherwise the sharedmemorybinary swap algorithmis
identicalto its distributed memoryvariant. As explainedin the previous section,this
algorithmalsoallows thelastiterationto bereplacedvith a stepwhichwritestheresult
into a singlecontiguoushlock of memory avoiding the separateollationstep.

4 A shared memory compositor

As separateommunicatiorstepsbetweerprocessorareabsenin sharednemoryap-
plications,a straightforvard parallelcompositingschemewould be to subdiide each
partialimageinto P sub-imagesndhave eachof the P processorgompositeone of
thesesub-image$2]. Pseudo-codandanexampleof threesub-imagedeingcompos-
ited by two processorss givenin Figure3.

Ondistributedmemorymachineghis mechanisnhasbeenusedaswell. It proceeds
by first sendingall partial resultsfor a given pixel to the processothat manageghat
pixel. Thenas partial resultsare receied, the resultis composited. On distributed
memoryarchitectureshis methodis knowvn as’Direct Send’andwasusedfor example
in [5] and[9].

Notethattheresultis availablein a singleblock of memory allowing directdisplay
of theresult. As with the algorithmsdescribedn the previous two sectionscollation
of theresultsis thereforenot necessargndtheimagecanbedisplayeddirectly.

5 Timecomplexity

In this sectionthe theoreticaltime compl«ity of the above three compositingalgo-
rithmsis discussedalongwith its implicationsfor interactive rendering. For the mo-
mentwe assumehat the numberof imagesto be compositedequalsthe numberof
processorsAlso, it is assumedhatthe numberof images/processors 2 or larger.

The sharedmemorybinary swap algorithmiterateslog, P timesandduring each
iteration eachprocessocompositesV/(2¢) pixels (where N is the numberof pixels
in theimageand: is the iterationnumber). The total numberof pixels eachprocessor



compositeganthereforebeexpressedsageometricserieswith thefollowing solution:

log,

PN log, P 1 i 9 1
1§:N§;<§> _N:N<2_21HT2P>_N:N(1_5) (l)
1= 7=

The binary swap compositingmethodthereforehasa time compleity of O(IV).
The parallelpipelinealgorithmrequiresP — 1 iterations. Eachprocessocomposites
N/ P pixelsduringeachiteration,sothatthetime compleity of thisalgorithmis O(N)
(whereN is thenumberof pixelsin theimage):

N 1
(P-1)F=N(1-5) )

The time compleity for the compositordescribedn section4 is O(N) aswell,
becauseeachprocessorlsoiteratesthough P — 1 steps,compositingN/ P pixels at
eachstep.

Becausall threealgorithmshave the sametime compleity, the differencesn per
formanceare due to the differencesin overheadand cacheefficiengy. None of the
algorithmscauseary two processor$o reador write the samepixels atthe sametime,
somemoryclashewill notoccur As aresult,we expectthe simplestalgorithmto per
form best,i.e. thecompositoralgorithmpresentedh the previoussectionis expectedo
be slightly moreefficientthaneitherthe binary swap or parallelpipelinealgorithms.

Notethatfor all threealgorithms thetime compleity is independenof thenumber
compositors.This is dueto the assumptiorthat the numberof imagesto be compos-
ited into oneis equalto the numberof processorshatperformthe actualcompositing.
Underthis assumptionjf the numberof rendererds increasedthe numberof com-
positorsshouldalso be increasedy the samenumber The renderingstepwill then
becomecheaperwhile thecompositingstepremainsequallyexpensve. Hence aslong
asthenumberof compositorequalshenumberof rendererstherewill beanoptimum
numberof renderers/compositordeviating from this optimumwill eithercausethe
renderer®r thecompositorgo becomethe bottleneck.

In orderto reducethe compositingtime, the numberof compositorsieedgo bein-
creasedelativeto the numberof renderersFor a givennumberof renderersdoubling
thenumberof compositingprocessorshouldroughlyhalf thecompositingime, result-
ing in (near)linear speed-ugdor the compositingstep,enablinginteractie execution.
After describingthe rendererin moredetailin the following section,theseclaimsare
assesseh Section?.

6 Renderer and compositor implementation

Theplatformusedfor thisresearclis a Silicon GraphicgOrigin 2000with 32 processors
and8 graphicspipes. The renderingstepusesbetweentwo andeight of the available
graphicsenginesto renderpartial imagesto be composited. The threadsimplement-
ing hardwarepolygonrenderingwereplacedwith processorfocatednearthe graphics
hardware,which minimizesdatatransferthroughthe machine.However, it shouldbe
notedthatwithin ourimplementationthe performancéenefitof this placements un-
der1%.

Eachrendererrendersonly a subsetof the input polygons,henceincreasingthe
numberof graphicspipesshouldlinearly improve renderingperformanceassuming



that the polygonsare evenly distributed within the viewing frustumandwith similar
depthcompleity amongthe differentgraphicspipes. OpenGLwasusedto accesghe
graphicshardvare.

Compositings achievedin softwareandutilizesprocessorshatarenotinvolvedin
rendering. The placemenbf compositingprocessesn theseprocessorss otherwise
arbitrary Becausehe Origin 2000 usesa hypercubeinterconnectthe binary swap
algorithm,which wasconceved to work on sucharchitectureswasthoughtto benefit
from carefulplacemenbf processesn processorsTheresultingperformancéncrease
we measuredor eight compositorsis around1%. However, for larger experiments
it is not possibleto map both the renderersand the compositorsoptimally. As the
benefitsare small for eitheroptimisation,we have chosenthe mapthe renderersiear
thegraphicshardware.

Doublebuffering is usedfor the partialimagesgeneratedby the renderetto ensure
thatthecompositor®perataiponfinishedpartialimages.Theresultof thecompositing
stepis alsodoublebufferedto provide a smoothdisplay Hence thetime lag between
userinput and displayingthe resultis threeframes. Betweensuccessie frames,all
rendererandcompositorsynchronize.

7 Results

Testresultswere obtainedusingtwo differentsceneswhich aredepictedin Figure4.
The plantsmodel consistsof 200, 320 trianglesandthe headis modeledby 396, 787
triangles.An exampleof the partialimagesgeneratedy four differentgraphicspipes
is given for both scenesn Figure5. All imagesarerenderedat a resolutionof either
5122 or 10242 pixels, andeachof the following bench-markonsistsof 100 frames.
Timingsprovidedarein secondsind’ total time’ refersto thetime takenfor the system
to renderandcompositel 00 frames.’Compositingtime’ refersto thetime takento just
compositel 00 frames.

Bench-marksverecarriedout for differentnumbersof rendererandcompositors.
First,renderingime andcompositingime arecomparedor thesharednemory binary
swap and parallel pipeline algorithms. The resultsare presentedn Figures6 and 7.
Thesdiguresshaw thatfor theheadiestscenesmallerimagesconsistingof 5122 pixels
can be compositedas fastas they can be renderedif the numberof compositorsis
greaterthanor equalto the numberof renderers.Hence,for this testscenecombined
with smallerimagestherenderersverealwaysthebottleneck.

The compositingpartfor thesetestsappearo scalesupetlinearly with the number
of compositors. This is explainedby the fact that subdvided 5122 imagesare small
enoughto largely fit into the cachingstructureof the Origin 2000. Better utilization
of the memoryhierarcly (a reductionin cachemisses)is achiazed whenusing more
compositorgeachcompositinga smallersub-image)This behaior is notobsenedfor
largerimages(asshawvn in Figure7).

For testimagesyenerateataresolutionof 10242 pixels,thenumberof compositors
needso be roughly four timeshigherthanthe numberof renderergthis is consistent
with thefactthatfour timesmorepixelsneedto be compositedhanwith 5122 images).
If fewer compositorareused,compositingbecomeshe bottleneck.If morecomposi-
torsareused therendererdecomethe limiting factor However, this factorof four is
scenedependentastherenderingperformancef the graphicspipesis nearlylinearin
the numberof trianglesrendered.The timings do not differ significantly betweerthe
threedifferentcompositingschemes.This is in line with their theoreticaltime com-
plexities asoutlinedin section5.



Fig. 4. Plants(200,320triangles)andheadmodel (396,78 7triangles).

Fig. 5. Partial imagesgeneratedy four graphicspipesfor the plants(left) and headscenes
(right).

Althoughthe plantstestsceneis roughly half the size of the headgestscene pur
measurementshov similar behaior for both scenes.By plotting the total time and
compositingime for 5122 imagesfor bothscenegFigure8), the nearlinearscalability
of the renderingstepis confirmed. Figure9 shavs thatthe compositingcomponents
indeedscendandependentBoth resultsareaccordingto expectation.

8 Conclusions

The differencesn timing betweerthe threecompositingalgorithmsarevery small, as
predictedin section5. Although differentparallelcompositingtechniquesave their
meritin distributed memoryervironments,sharedmemoryarchitecturegppearo be
quite insensitve to the differentordersin which pixels arereadandwritten. All three
compositingtechniquesever readthe samememorylocationby morethanone pro-
cessomtthe sametime. This appeardo be sufiicient to guaranteefficient execution.
All threesharednemoryalgorithmshave the additionaladvantagethatcollation of
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Fig. 6. Total time andcompositingtime for the headscenepsinga resolutionof 122 pixels.
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Fig. 7. Totaltime andcompositingtime for the headscenepsinga resolutionof 102 2 pixels.

resultscanbememgedwith thelastiterationof thecompositingalgorithm,obviating the
needfor a separat@andpotentiallyexpensve collationstep.
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