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Abstract. Parallel compositingtechniqueshave traditionally focusedon dis-
tributedmemoryarchitectureswith communicationof pixel valuesusuallybeing
the main bottleneck. On sharedmemoryarchitectures,communicationis han-
dled throughmemoryaccesses,obviating the needfor explicit communication
steps.Sharedmemoryarchitectureswith multiple graphicsacceleratorsprovide
thecapabilityfor parallelrenderingwhile combiningthepartialresultsfrom mul-
tiple graphicsadaptorsrequirescompositing.For thisreason,in thispapershared
memoryarchitecturesareconsideredfor compositingoperations.A numberof
previously introducedparallelcompositingalgorithmsarecomparedon a shared
memorymachine,includingthebinaryswapandparallelpipelinetechniques.

1 Introduction

Compositingis a key operationin many applications,includingpolygonrenderingand
volumerendering[10]. It is anobject-parallelrenderingapproach,whereeachrenderer
producesafull sizedimageof its sub-setof objects.Combiningtheseimagesis asimple
process,which involvesperpixel comparisonsof depthvalues.As thesecomparisons
needto becarriedoutfor all pixels,compositingis anexpensiveprocessandis therefore
generallyunsuitablefor interactive applications.However, interactive compositingis
possibleif the compositingis donein parallel. Both hardwareandsoftwaresolutions
have beenproposed. An exampleof a dedicatedhardware compositingnetwork is
implementedas part of the PixelFlow system,which is configuredas a pipeline of
compositors[3].

A numberof softwaresolutionsto parallelcompositinghavebeenproposedaswell,
all working on generalpurposedistributedmemoryarchitectures.Thesemethodsin-
cludeparallelpipelinealgorithms[6] andbinary swap [8, 4], which wasusedin the
ParVox distributedvolumerenderingsystem[7]. The binary swap methodwasalso
adaptedto work on parallelgraphicshardware[11]. Compressionof the intermediate
imagesto reducenetwork bandwidthhave alsobeeninvestigated[1].

A novel compositingschemefor sharedmemoryarchitecturesbaseduponasimilar
idea to snoopingcachelines for cachecoherency was proposedby Cox and Hanra-
han[2]. In thismethod,eachprocessorsendsits activepixelsto theframe-buffer while
the otherprocessorssnoopthe pixels written. Whenoneof the pixels written to the
framebuffer is closerto the viewer, in Z, thanthe correspondingactive storedpixel,
that active storedpixel is marked as inactive or invalidated. Thus,aseachprocessor
storesits setof active pixels, otherprocessorsreducetheir active pixel sets,thereby
reducingthebandwidthrequirementfor thecompositeof all images.

Distributedmemorycompositinghasa numberof significantdrawbacks.First, the
amountof datainvolvedin thecompositingprocessis large. Therefore,theamountof
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datacommunicationbetweenprocessorsis large. While compressionis onetechnique
for reducingthe amountof data[1], the compressioncanincreasethe latency during
thecompositingphaseof rendering.Thecommunicationdelaysreducethescalability
andefficiency of parallelcompositingstrategies.Second,aftertheparallelcompositing
stageis completed,eachprocessorholdsa completedsub-image.Thesesub-images
needto becollatedto producethefinal resultwhichcanbedisplayed.

Sharedmemoryarchitectures,suchastheSiliconGraphicsOrigin 2000,offer paral-
lel graphicshardwarein conjunctionwith generalpurposeparallelism.Thesemachines
areidealfor parallelpolygonrendering,utilizing themultiplegraphicsadaptorsin par-
allel. Thecompositingof theresultscanthenbedonein software,overlappingrender-
ingwith compositing.Therenderingstepwill scalelinearlywith thenumberof graphics
pipelines,while thecompositingstepshouldscalewell with thenumberof generalpur-
poseprocessorsavailable.Additionally, having theability to dividescalarfieldsamong
thegraphicsadaptorscanallow interactive parallelvolumerendering.This technique
also requirescompositingof the partial imagesobtainedfrom the graphicspipelines
althoughthecompositingoperationsareblendedratherthanconditionallycombinedas
in thepolygoncase.

For thesereasons,suchsharedmemoryarchitecturesmay provide a usefulalter-
native asa substratefor compositing.As communicationis achieved via memory, all
imagesthatneedto becompositedinto one,canbereadby all processors.This avoids
extensive datacommunicationandfor this reason,therelative performanceof various
parallelcompositingstrategies,asreportedfor distributedmemorymachines,mayturn
out to bedifferent. Secondly, this architectureallows thecompositingprocessto pro-
ducethefinal resultwithout anextra collationstep,therebyincreasingframerates.In
this paper, thecompositingalgorithmsmentionedabove areimplementedon a shared
memoryarchitectureandtheir performancesareassessed.We alsocomparetheseal-
gorithmswith a straightforward compositorwhich exploits the advantagesof shared
memorydirectly (Section4).

Thefollowing sectionsoutlinetheparallelcompositingalgorithmsandindicatethe
differencesbetweendistributedandsharedmemoryimplementations(Sections2 to 4).
A discussionof theirtimecomplexitiesandtheimplicationsoninteractiverenderingare
discussedin section5. The rendererwhich wasusedasa basisfor thesecompositing
algorithmsisdetailedin Section6,while testresultsarepresentedin Section7, followed
by conclusionsin thefinal section.

2 Parallel pipeline

Originally proposedfor meshconnecteddistributed memorymachines,the parallel
pipelinealgorithmorganizestheprocessorsin a ring. Theimagesandz-bufferswhich
areto becompositedaredivided into � sub-images,which equalsthenumberof pro-
cessors.Thesesub-imagesflow aroundthering througheachprocessorin ����� stages,
eachconsistingof a compositinganda communicationstep. Thedistributedmemory
algorithmis detailedin Figure1.

Adapting this algorithm to run on sharedmemorycomputersis straightforward.
The sendandreceive instructionsarenot necessary, asmemorycanbe readdirectly.
Therefore,in eachof the ����� stages,eachprocessorcompositesits sub-image� with
thesamesub-imagethatbelongswith processor�
	 .

By replacingthelastiterationof thecompositingalgorithmwith acompositingstep
which writes the result into a contiguousblock of memory, the final collation of sub-
images,necessaryin distributedmemorysolutions,canbeavoided. Theresultcanbe
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Fig. 1. Parallelpipelinecompositingondistributedmemoryarchitectures(after[6]). Left: graph-
ical representation.Right: pseudo-code.Thevariablesarecodedasfollows:
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Fig. 2. Binaryswapcompositingondistributedmemoryarchitectures(after[11]). Left: graphical
representation.Right: pseudo-code.

displayeddirectly.

3 Binary swap

Thebinaryswapalgorithmwasoriginally implementedfor CM-5 andT3D distributed
memorymachines[8, 4]. Later, it wasadaptedto utilize graphicshardware[11]. The
distributedmemoryalgorithmis depictedin Figure2. Given � imagesto becomposited
using � processors,thealgorithmcompletesthecompositingtaskin c�d7ef� iterations.In
thefirst iteration,theimagesto becompositedaresubdividedinto anupperanda lower
half. Eachprocessorswapshalf its imagefor half the imageheld by a neighboring
processor. Bothhalvesarethencompositedin tandem.

In the next iteration, the half imagethat a processorjust finishedcompositingis
recursively subdividedinto two sub-images.Onesub-imageis swappedwith thenext-
nearestneighborand both processorscontinuecompositingtheir sub-images.Afterc�d7ef� iterations,eachprocessorholdsa fully compositedsub-image.After collatingall
partialimages,theresultcanbedisplayed.
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Fig. 3. Sharedmemorycompositing. Left: graphicalrepresentationshowing how threesub-
imagesarecompositedusingtwo processors.Right: pseudo-code.

The transitionto a sharedmemoryimplementationis accomplishedby removing
thecommunicationstepsfrom the algorithm,aseachprocessorcanreadanotherpro-
cessor’s sub-imagedirectly. Otherwise,the sharedmemorybinary swap algorithmis
identicalto its distributedmemoryvariant. As explainedin the previous section,this
algorithmalsoallowsthelastiterationto bereplacedwith astepwhichwritestheresult
into asinglecontiguousblockof memory, avoiding theseparatecollationstep.

4 A shared memory compositor

As separatecommunicationstepsbetweenprocessorsareabsentin sharedmemoryap-
plications,a straightforward parallelcompositingschemewould be to subdivide each
partial imageinto � sub-imagesandhave eachof the � processorscompositeoneof
thesesub-images[2]. Pseudo-codeandanexampleof threesub-imagesbeingcompos-
itedby two processorsis givenin Figure3.

Ondistributedmemorymachinesthismechanismhasbeenusedaswell. It proceeds
by first sendingall partial resultsfor a given pixel to the processorthat managesthat
pixel. Then as partial resultsare received, the result is composited. On distributed
memoryarchitecturesthismethodis known as’Direct Send’andwasusedfor example
in [5] and[9].

Notethattheresultis availablein asingleblockof memory, allowing directdisplay
of the result. As with thealgorithmsdescribedin theprevious two sections,collation
of theresultsis thereforenotnecessaryandtheimagecanbedisplayeddirectly.

5 Time complexity

In this sectionthe theoreticaltime complexity of the above threecompositingalgo-
rithms is discussed,alongwith its implicationsfor interactive rendering.For the mo-
ment we assumethat the numberof imagesto be compositedequalsthe numberof
processors.Also, it is assumedthatthenumberof images/processorsis l or larger.

The sharedmemorybinary swap algorithmiteratesc�d7enmo� timesandduring each
iterationeachprocessorcompositesprqns^lut=v pixels (where p is the numberof pixels
in the imageand w is the iterationnumber).Thetotal numberof pixelseachprocessor
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compositescanthereforebeexpressedasageometricserieswith thefollowing solution:
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The binary swap compositingmethodthereforehasa time complexity of ��s`pZv .
Theparallelpipelinealgorithmrequires����� iterations.Eachprocessorcompositesp�q7� pixelsduringeachiteration,sothatthetimecomplexity of thisalgorithmis ��sCpZv
(where p is thenumberof pixelsin theimage):

s`�����7v p � � pZs=���
�
� v (2)

The time complexity for the compositordescribedin section4 is ��sCpZv aswell,
becauseeachprocessoralsoiteratesthough �?��� steps,compositingprq7� pixels at
eachstep.

Becauseall threealgorithmshave thesametime complexity, thedifferencesin per-
formanceare due to the differencesin overheadand cacheefficiency. None of the
algorithmscauseany two processorsto reador write thesamepixelsat thesametime,
somemoryclasheswill notoccur. As a result,weexpectthesimplestalgorithmto per-
form best,i.e. thecompositoralgorithmpresentedin theprevioussectionis expectedto
beslightly moreefficient thaneitherthebinaryswapor parallelpipelinealgorithms.

Notethatfor all threealgorithms,thetimecomplexity is independentof thenumber
compositors.This is dueto the assumptionthat the numberof imagesto be compos-
ited into oneis equalto thenumberof processorsthatperformtheactualcompositing.
Under this assumption,if the numberof renderersis increased,the numberof com-
positorsshouldalsobe increasedby the samenumber. The renderingstepwill then
becomecheaper, while thecompositingstepremainsequallyexpensive. Hence,aslong
asthenumberof compositorsequalsthenumberof renderers,therewill beanoptimum
numberof renderers/compositors.Deviating from this optimumwill eithercausethe
renderersor thecompositorsto becomethebottleneck.

In orderto reducethecompositingtime, thenumberof compositorsneedsto bein-
creasedrelativeto thenumberof renderers.For a givennumberof renderers,doubling
thenumberof compositingprocessorsshouldroughlyhalf thecompositingtime,result-
ing in (near)linear speed-upfor the compositingstep,enablinginteractive execution.
After describingthe rendererin moredetail in the following section,theseclaimsare
assessedin Section7.

6 Renderer and compositor implementation

Theplatformusedfor thisresearchis aSiliconGraphicsOrigin 2000with 32processors
and8 graphicspipes. The renderingstepusesbetweentwo andeightof theavailable
graphicsenginesto renderpartial imagesto be composited.The threadsimplement-
ing hardwarepolygonrenderingwereplacedwith processorslocatednearthegraphics
hardware,which minimizesdatatransferthroughthemachine.However, it shouldbe
notedthatwithin our implementation,theperformancebenefitof this placementis un-
der1%.

Eachrendererrendersonly a subsetof the input polygons,henceincreasingthe
numberof graphicspipesshould linearly improve renderingperformanceassuming
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that the polygonsareevenly distributedwithin the viewing frustumandwith similar
depthcomplexity amongthedifferentgraphicspipes.OpenGLwasusedto accessthe
graphicshardware.

Compositingis achievedin softwareandutilizesprocessorsthatarenot involvedin
rendering.The placementof compositingprocesseson theseprocessorsis otherwise
arbitrary. Becausethe Origin 2000 usesa hypercubeinterconnect,the binary swap
algorithm,which wasconceived to work on sucharchitectures,wasthoughtto benefit
from carefulplacementof processesonprocessors.Theresultingperformanceincrease
we measuredfor eight compositorsis around1%. However, for larger experiments
it is not possibleto map both the renderersand the compositorsoptimally. As the
benefitsaresmall for eitheroptimisation,we have chosenthe mapthe renderersnear
thegraphicshardware.

Doublebuffering is usedfor thepartial imagesgeneratedby therendererto ensure
thatthecompositorsoperateuponfinishedpartialimages.Theresultof thecompositing
stepis alsodoublebufferedto provide a smoothdisplay. Hence,thetime lag between
userinput anddisplayingthe result is threeframes. Betweensuccessive frames,all
renderersandcompositorssynchronize.

7 Results

Testresultswereobtainedusingtwo differentscenes,which aredepictedin Figure4.
The plantsmodelconsistsof l��7�%���7l7� trianglesandthe headis modeledby ���7�%�H�P���
triangles.An exampleof thepartial imagesgeneratedby four differentgraphicspipes
is given for bothscenesin Figure5. All imagesarerenderedat a resolutionof either� �Pl m or �P�7l7� m pixels,andeachof the following bench-marksconsistsof �$�7� frames.
Timingsprovidedarein secondsand’total time’ refersto thetime takenfor thesystem
to renderandcomposite�P�7� frames.’Compositingtime’ refersto thetimetakento just
composite�P�7� frames.

Bench-markswerecarriedout for differentnumbersof renderersandcompositors.
First,renderingtimeandcompositingtimearecomparedfor thesharedmemory, binary
swap andparallelpipelinealgorithms. The resultsarepresentedin Figures6 and7.
Thesefiguresshow thatfor theheadtestscene,smallerimagesconsistingof

� �Pl m pixels
can be compositedas fast as they can be renderedif the numberof compositorsis
greaterthanor equalto thenumberof renderers.Hence,for this testscenecombined
with smallerimages,therendererswerealwaysthebottleneck.

Thecompositingpartfor thesetestsappearto scalesuper-linearly with thenumber
of compositors.This is explainedby the fact that subdivided

� �$l m imagesaresmall
enoughto largely fit into the cachingstructureof the Origin 2000. Betterutilization
of the memoryhierarchy (a reductionin cachemisses)is achieved whenusingmore
compositors(eachcompositingasmallersub-image).Thisbehavior is notobservedfor
largerimages(asshown in Figure7).

For testimagesgeneratedataresolutionof �P��l7� m pixels,thenumberof compositors
needsto be roughly four timeshigherthanthenumberof renderers(this is consistent
with thefactthatfour timesmorepixelsneedto becompositedthanwith

� �Pl m images).
If fewer compositorsareused,compositingbecomesthebottleneck.If morecomposi-
torsareused,therenderersbecomethe limiting factor. However, this factorof four is
scenedependent,astherenderingperformanceof thegraphicspipesis nearlylinearin
the numberof trianglesrendered.The timings do not differ significantlybetweenthe
threedifferentcompositingschemes.This is in line with their theoreticaltime com-
plexities asoutlinedin section5.
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Fig. 4. Plants(200,320triangles)andheadmodel(396,787triangles).

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

Although theplantstestsceneis roughlyhalf thesizeof theheadstestscene,our
measurementsshow similar behavior for both scenes.By plotting the total time and
compositingtime for

� �Pl m imagesfor bothscenes(Figure8), thenearlinearscalability
of therenderingstepis confirmed.Figure9 shows that thecompositingcomponentis
indeedsceneindependent.Both resultsareaccordingto expectation.

8 Conclusions

Thedifferencesin timing betweenthethreecompositingalgorithmsarevery small,as
predictedin section5. Although differentparallelcompositingtechniqueshave their
merit in distributedmemoryenvironments,sharedmemoryarchitecturesappearto be
quite insensitive to thedifferentordersin which pixelsarereadandwritten. All three
compositingtechniquesnever readthe samememorylocationby morethanonepro-
cessorat thesametime. Thisappearsto besufficient to guaranteeefficientexecution.

All threesharedmemoryalgorithmshave theadditionaladvantagethatcollationof
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Fig. 6. Total time andcompositingtime for theheadscene,usinga resolutionof � � [ � pixels.
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Fig. 7. Total time andcompositingtime for theheadscene,usinga resolutionof
��E [=� � pixels.

resultscanbemergedwith thelastiterationof thecompositingalgorithm,obviatingthe
needfor aseparateandpotentiallyexpensive collationstep.
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