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Abstract.
Parallelisingray tracingusinga dataparallelapproachallows arbitrarily large modelsto be rendered,but its

inherentloadimbalancesmayleadto severeinefficiencies.To compensatefor theunevenloaddistribution,demand-
driven tasksmaybesplit off andscheduledto processorsthatarelessbusy. We usea hybrid schedulingalgorithm
which bringstasksanddatatogetheraccordingto coherencebetweenrays. Coherenttasksaresuitablefor demand
driven schedulingandthe remainderis executedin dataparallelmode. This methodremovesthe worst hot-spots
from thedataparallelcomponentandreschedulesthoseasdemanddriventasks,therebyeveningout theworkload
while keepingcommunicationoverheadsat bay. Resultsarepresentedfor scenesof up to 295,000polygonsusinga
largeclusterof Sunworkstations.

Finally, the hybrid schedulingalgorithm is expandedby also samplingdiffuse inter-reflection. This puts a
significantadditionalstrainon the dataparallelcomponent,the implicationsof which areexaminedby presenting
anddiscussingrelevantresults.

Keywords. Hybrid scheduling,Raytracing,Diffuseinter-reflection

1. Intr oduction. Renderingartificial scenesin a physically correctmannerrequiresa
computationallyvery expensive lighting simulation. In practice,andusingtodaysprocess-
ing power, suchsimulationsmay take betweena coupleof hoursto several days. The goal
of real-timerenderingappearsnot yet achievableusingcurrentsingleprocessortechnology.
Undersimplelighting conditionsandfor scenesthatarerelatively simpleto render, parallel
processingsolutionscannow achieve interactive frame-rates[11, 1]. Hence,multi-processor
solutionsprovide an opportunityto make renderingmorepractical. In this paper, we con-
centrateon solutionsto speed-upray tracing[19] for complex scenes.In addition,sampling
of diffuseinter-reflectionis incorporatedby samplingfor eachintersectiona hemisphereof
rays[17]. This is aprocessof undirectedshootingthatincreasesthecostof ray tracingby an
orderof magnitude.

Themostobviousparallelimplementationof ray tracingwould simply replicateall the
datawith eachprocessorandsubdivide the screeninto a numberof disjunctregions[5, 6].
Eachprocessorthenrendersanumberof regionsusingtheunalteredsequentialversionof the
ray tracingalgorithm,until thewhole imageis completed.Whenever a processorfinishesa
region,it asksthemasterprocessorfor anew task.Bothimagespacesubdivisionanddemand
drivenschedulingarewell-known termsto describethis approach.Becausecommunication
is only requiredto distributetasksandto collateresults,idle time shouldbeminimal andthe
speed-upto beexpectedwith this typeof parallelismis nearlinear. In addition,therendering
algorithmitself is not differentfrom thesequentialversion,andthereforethis algorithmfalls
in theclassof embarrassinglyparallelalgorithms.

Unfortunately, theaboveparallelimplementationassumesthatthelocalmemoryof each
processoris large enoughto hold the entirescene.If this is the case(e.g.sharedmemory
architectures),thenthis is in our view thebestway possibleto parallelisea ray tracingalgo-
rithm [11]. However, for very largescenesor complex lighting models,thedatawill have to
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bedistributedand,evenwhenmany objectsarecachedlocally, efficiency maybecomelow.
Alternatively, thedatamaybedistributedover theprocessors.Eachprocessorwill trace

raysonly whenthey passthroughits own subspace[2, 9, 8]. If a processordetectsan in-
tersectionin its own subspace,it will spawn secondaryraysasusual. Shadingis normally
performedby theprocessorthatspawnedtheray or maybedonebeforeshootingsecondary
raysusingcomputationdecomposition[12].

Dataparallelprocessing,asthisapproachis called,comeswith its own drawbacks,since
thedistributionof work is highly variable,bothin timeandspace[13]. Thiscreatesproblems
in termsof processingbottlenecks,reducingefficiency andlimiting scalability. A possible
way to addresstheloadbalancingissuesassociatedwith dataparallelprocessingis to redis-
tribute the objectsduring rendering[3, 10], althoughthe costof redistribution may not be
negligible anddatamayoscillatebetweenprocessors,furtheraffectingperformance.

The challengein parallel ray tracing is to find algorithmswhich allow large scenesto
be distributedwithout losing too muchefficiency dueto load imbalances(dataparallel)or
communication(demanddriven). Combiningdataparallelanddemanddrivenaspectsinto a
singlehybrid schedulingalgorithmis onesuchapproach.Hybrid schedulingalgorithmshave
both demanddriven and dataparallel componentsrunning on the sameset of processors:
eachprocessorbeingcapableof handlingboth typesof task[16, 7, 15]. The dataparallel
partof thealgorithmthencreatesa basic,albeit uneven load. Computationallyinexpensive
taskswhich requireaccessto a large amountof dataaresuitedfor dataparallelexecution.
On theotherhand,computationallyintensive tasksthatdonot requiremany objectscouldbe
handledasdemanddriventasks,whicharethenusedfor loadbalancing.

Onedivision of work would beto separateray traversalandray tracingtasks[16]. Ray
traversalthenworks in demanddriven modeon the (replicated)spatialsubdivision. Ray-
object intersectionsareexecutedin dataparallel fashion. Unfortunately, ray traversaltypi-
cally takeslessthan10%of thetotal computationtime,andis thereforenot computationally
expensive enoughto beusedfor loadbalancing.

Thispaperexpandsonpreviousworkwhichsplitsoff tasksaccordingto raycoherence[7,
15, 14]. Themethodis explainedin detail in thefollowing section.Thework presentedhere
addssamplingof diffuse inter-reflection,which puts a significantadditionalstrain on the
dataparallelcomponent(section3). Theresultingperformanceis analysedanddiscussedin
sections4 and5.

2. Hybrid scheduling. For hybrid schedulingto be successful,certaincriteria should
be observed. First, mostof the work shouldbe locatedin the demanddriven component,
becauseonly then it will be possibleto usethesetasksfor load balancing. Additionally,
demanddriventasksshouldinvolve asmuchwork per taskaspossiblein orderto minimise
taskcommunicationandthey shouldoperateonaslittle dataaspossibleto reducetheimpact
of datacommunicationanddatastorage.

Second,the dataparallelcomponentshouldonly be usedfor thosetasksfor which the
above doesnot hold. This part of the hybrid schedulingalgorithm shouldbe as light as
possible,asit tendsto accountfor mostloadimbalancesandpotentiallysuffersfrom a poor
computationto communicationratio.

Weproposeahybrid algorithmwherethedivisionof work is basedoncoherence,defined
asthe extent to which an imageor an environmentis locally constant[5]. Ray coherence
occurswhenraysstartat thesamepoint andtravel into similar directions.Themostobvious
classof raysexhibiting ray coherencearebundlesof primary rays. Shadow raysthat start
from anintersectionpointandsamplea light sourcetendto becoherentaswell.

Incoherenttaskstypically includespecularreflectionandrefraction. Although a small
amountof datawill berequiredto completelytracesuchrays,it is difficult to bundleanumber
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of themtogetherandstill intersectonly a smallportionof thescene.Diffuseinter-reflection
is anotherimportantsamplingtaskwhich generatesincoherentrays.Here,a largenumberof
raystravel from thesameintersectionpoint to samplea completehemisphere.Hence,these
raysaredivergentandtypically intersecttoomany objectsto beconsideredfor demanddriven
execution.

2.1. Data parallel component. A ray that is to beexecutedin dataparallelmodewill
startwith the processorthat holdsthe sub-spacethat containsthe ray’s origin. The ray tra-
versestheprocessor’s local spatialsubdivision until eitheranintersectionis foundor theray
leavestheprocessor’ssubspace.In thelattercase,it is migratedto thenext processor. When-
ever a processorfinds an intersection,secondaryrays are spawned which if they are data
paralleltasks,startat thesameprocessor. Demanddrivensecondaryshadow ray tasksmay
berescheduledwith differentprocessorsto addressloadbalancingissues.

Shadingis normally performedby the processorthat detectsan intersection. As sec-
ondaryraysmayhave to betracedby otherprocessors,theintersectionpoint mustbestored
temporarilyuntil all shadingresultsof secondaryrayshavebeenreturned.Only thenis shad-
ing performedandtheresultis returnedto theprocessorthatspawnedtheray. This method
avoidscommunicationof shadingresultsin thecasetheintersectedobjectwascached.

Alternatively, if shadinginvolveslargeamountsof data,shadingcouldbetransferredto
theprocessorwhichpermanentlystorestheintersectedobject.Thismayfor examplehappen
when large texture mapsneedto be sampledor when shadingresultsare storedfor later
interpolation(seeSection3 for anexampleof this).

2.2. Demanddri vencomponent. Whenaprocessorrequestsanew taskfrom themas-
ter processor, a randomsub-imageis selectedandreturnedto this processor. This helpsto
distributetheworkloadmoreevenly, becausesomeregionsof theimagetendto involvefewer
computationsthanotherregions.Thesizeof thesub-imageregulatestheamountof work in-
sertedinto thesystempertask.

For shadow raytasks,thenumberof raysin eachtaskis dependentontheratioof distance
betweenintersectionpoint andthesizeof the light sources.We assumethaton averagethe
bundle of rays containsenoughrays to warrantdatafetches,yet is narrow enoughto not
requiretoomany.

Beforea demanddriven taskcancommence,it shouldbe determinedwhetherall the
datarequiredfor thetaskis presentor not. An efficient dataselectionmechanismis required
thatselectsall thedatathatcouldpossiblybeneededto completethetask.Weuseapyramid
clippingalgorithmto achievethis[20]. Wheneveravoxel intersectsthepyramidenclosingthe
bundleof rays,it is requestedfrom theprocessorwhich is known to storeits data(provided
thevoxel is notalreadystoredor cachedlocally).

Uponreceptionof anobject,it is cachedusinga leastrecentlyused(LRU) strategy. In
orderto have othertasksbenefitfrom recentlyrequesteddatain a transparentmanner, it is
deemedbestto insertcacheddatainto thespatialsubdivisionstructure.In thisway, bothother
demanddriventasksaswell asall dataparalleltaskswhich happento traversethesecached
voxels,canaccessthedatawithouthaving to accessaseparatepoolof memory(which is the
usualwayof implementingacache).

3. Diffuse inter-reflection. Samplingdiffuseinter-reflectionis anexpensive operation
which may involve hundredsof raysper intersectionpoint. In [13], evidencewasprovided
that thepresenceof diffuseinter-reflectionhastheability to spreadout theintersectiontests
over a large numberof objects. Although dataparallel renderingof diffuseinter-reflection
would put a significantstrain on the dataparallel component,theserays are nevertheless
unlikely to all endupwith thesameprocessor.
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Anotherobservation to be madeis that every singlebranchof every ray treeis always
terminatedby samplinglight sources.For this reason,the numberof shadow ray tasksis
alwayslarger thanthenumberof dataparallelrays. As long asshadow raysarehandledin
demanddrivenmode,thereshouldalwaysbeenoughwork for loadbalancingpurposes.

Becausetracingasingledataparallelraymaybeexecutedin partbyanumberof different
processors,thetotalcostof tracingsucharaymaybesubstantiallyhigherthanin asequential
ray tracer(althoughfetchingdatafor suchraysandexecutethem asdemanddriven tasks
may be even costlier). Even if dataparallel raysdo not causehot-spotswith oneor a few
processors,this is a reasonto avoid asmuchdataparallelwork aspossible. However, as
argued,within our hybrid schedulerdataparallelwork is unavoidablefor scenesthatcontain
specularor transparentsurfaces.It is alsounavoidableif diffuseinter-reflectionis sampled.

Radiance[18] - on which this work is based- optimisesthe samplingof diffuseinter-
reflectionby employing anambientcache[17]. After samplingof diffuseinter-reflectionis
completedfor anintersectionpoint,theresultis storedin adatastructure(theambientcache).
Onceenoughsamplingresultsare available, new intersectionpoints may be interpolated,
without having to samplea hemisphereof rays. This drasticallyreducescomputationtimes.
Its implicationsfor parallelprocessingareassessedin sections4.3and4.4.

4. Experiments. Theexperimentsin the following sub-sectionsareperformedon two
differenthardwareplatforms.Thefirst is a ParsytecPowerXplorerwith 32 nodesrunningat
133MHz., eachwith 96MB of memoryanda27MB/s interconnectionnetwork. Thesecond
is aheterogeneousclusterof SunUltra 10andUltra 5 workstations.Sixteenof theUltra 10’s
wereusedfor theexperimentsbelow (unlessotherwisenoted),eachrunningat333MHz. and
fittedwith 128MB memory. TheUltra 5 workstationshave64MB of memory. Themaximum
numberof workstationsweusedwas80.

Both hardwareplatformsfeaturea PVM implementation[4], which is usedfor commu-
nication.Thetestscenesthatwereusedaredepictedin ColourplatesA, B andC.

4.1. Demanddri venscheduling. Thescenesusedfor thefollowingexperiments(Colour
platesB andC) eachcontainninelight sources,while thenumberof polygonsfor thesescenes
is given in Table4.1. The efficiency for eachof the renderings(madeat ���	��
 pixels on 16
SunUltra 10machines)is presentedin thesametables.

The renderingtime increaseswhenlarger scenesarechosen,which is to be expected.
However, the efficiency first decreasesandthenincreasesagain. Figure4.1ashows that by
increasingthenumberof polygonsin thescene,thepercentageof timewastedidle increases,
while the percentageof time spentin communicationroutinesaswell aspyramid clipping
overheadsdecrease,althoughin differentamounts.

Hence,for largerscenesidle time startsto dominatethecomputation.Varying thesize
of thescenehaslittle influenceonthenumberof raysshot(hoveringaround196million rays
for the colour cubeand168 million for the sinc model– the differenceis dueto geometry,
not becauseof differentparametersettings).With scenecomplexity, the numberof objects
communicatedbetweenprocessorsdoeschange,ason averagemoreof themwill beneeded
to completeeachtask.Thisalsoimpliesthattherewouldbealongertimebetweenrequesting
dataandactuallyreceiving it. As thenumberof tasksavailableto thesystematany onetime
is limited, idle time is expectedto increase,which explains why idle time becomesmore
significantfor largerscenes.

We have alsochosento renderthe cubeC andsinc C models(at �
����� 
 pixels) on our
Sunnetwork to measurespeed-up.For thesetestswehaveused20SunUltra 10workstations
andfor therenderingsthatwereperformedona largercluster, theremainderof themachines
consistsof SunUltra 5 workstations,which areslower. Theresultingspeed-up(Figure4.1b)
shows nearlinearbehaviour. As a resultof the relatively largeoverheads(Figure4.1a),the
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Scene Polygons Time Efficiency Scene Polygons Time Efficiency
CubeA 6,003 1,682 46.70% SincA 5,943 1,601 43.56%
CubeB 29,481 2,762 39.32% SincB 30,015 2,014 38.58%
CubeC 58,215 3,672 41.52% SincC 99,907 3,107 38.69%
CubeD 295,491 34,321 47.83% SincD 200,344 5,638 40.02%

TABLE 4.1
Scenesizesandefficiencyfor thecolourcubeandsincmodels.Timing is in seconds.
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FIG. 4.1. A. Percentage of time wastedon overheadas functionof scenesizefor the colour cubeand sinc
models.Theoverheadis split into idle time, timespentin communicationroutinesandpyramidclipping time(see
alsoTable4.1). B. Speed-upfor colourcubeC andsincC models.

speed-upsarerelatively far from ideal. Also, theoneprocessorrun wasmadeon oneof the
fasterSunUltra 10’s. However, it appearsthat speed-upsarestill on the increase,even at
the80 processorpoint. Theoverheadsthereforedo not appearto bestronglydependenton
thenumberof processors.On theotherhand,thesefiguresdo indicatethatmeansto reduce
overheadneedto besought.

4.2. Ambient calculations. In this sub-section,the dataparallelcomponentis varied
in significanceby choosingdifferentnumbersof ambientrays. UsingtheParsytecPowerX-
plorer, thecolourcubemodel(ColourplateA) wastakenandrenderedataresolutionof �	����

pixels. Theray depthfor ambientrayswassetto 1 throughout.Thenumberof ambientrays
was increasedfrom 0 in stepsof 10. Radiance’s irradiancecachewasbuilt separatelyon
differentprocessorsusingdefault values.

By countingthenumberof ambientraysshotandsummingthosefor all processors,the
effectivenessof theambientcacheis assessedin a parallelenvironment. It canbeexpected
thatwhenfor exampletwo processorsareindependentlybuilding theambientcachefor the
samespatialregion,moreambientrayswill berequiredbeforeeitherprocessorcanstartinter-
polatingpreviously cachedvalues.Hence,by increasingthenumberof processors,thetotal
numberof ambientraysshotis expectedto increase.Figure4.2ashows thatmoreprocessors
indeedcausethenumberof dataparallelraysto increase.In this figureboth thenumberof
processorsandthenumberof ambientraysshotper intersectionpoint is varied. Theresults
for 20 and30 (and40 and50) ambientraysper intersectionturn out to bethesamebecause
of themappingof thisparameterto thediscretisationof ahemisphere.

Having moreprocessorsindependentlybuilding their own ambientcache,is only one
reasonwhy more ambientrays are shot. The other reasonis that if more processorsare
involvedin thecomputation,eachholdsa smallerpartitionof thescene.It is thereforemore
likely thatanambientray needsto bemigratedto anotherprocessorbeforeanintersectionis
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FIG. 4.2. A. Total numberof data parallel rays. B. Total numberof task migrations. In both graphsthe
numbers providedaresummedover theavailableprocessors.

found.Thiscanbeshown by plottingthetotalnumberof raytasksthatweremigratedagainst
thenumberof processors(Figure4.2b). It is shown thataddingmoreprocessorsdoesresult
in moreambientraysbeingmigratedbetweenprocessors.The percentageof ambientrays
migratedis nearlyconstantwhenvarying the numberof ambientrays,but increaseswhen
moreprocessorsareused.

It shouldalsobementionedthatshooting50ambientraysperintersectionpoint,whichis
themaximumtestedhere,is enoughto show atrend,but is certainlynotsufficient in practical
applicationswherethisnumbercanbeanorderof magnitudelarger.

On theotherhand,in a practicalapplicationa very small imageis usuallyrenderedfirst
to fill theambientcache.During renderingof thefinal large image,this cacheis readfrom
file. This helpsto minimiseambientsamplingduringrendering.If this approachwereto be
taken usinga parallel renderer, cacheconsistency shouldbe assured,which is possibleby
modifying the currentalgorithmto performshadingwith the processorwhich permanently
owns the associatedintersectionpoint. Second,the pre-processingwherea small imageis
renderedshouldbeparallelisedaswell, whichmayleadto difficultiesdistributingwork (there
is avery limited numberof ray treesto evaluate).

4.3. Ambient cache. After having establishedthebehaviour of thedataparallelcompo-
nentwith respectto ambientsampling,we now look at theambientcache.As all processors
generatetheambientcacheseparately, it is expectedthatthenumberof computationsthatcan
beavoidedby interpolationof previously storedirradiances,is inverselyproportionalto the
numberof processorsemployed. For thesamesceneasusedabove (thecolourcubemodel,
ColourplateA), thishypothesisis testedby renderingthecolourcubemodelwith 10ambient
raysper intersectionpoint (a rathersmallnumberwaschosento speedup thecomputation).
This is assumedto bea worstcasescenariofor interpolation,asthenoisein theresultswill
reducethenumberof interpolationsthatarepossible.Therefore,usingmoreambientraysper
intersection,wouldonaverageallow moreinterpolationsto occur.

Undertheseconditions,imageswererenderedusingdifferentnumbersof processorson
theParsytecPowerXplorer. Thetotalnumberof ambientcalculationsis constantat �	�����������
� . Table4.2 shows that building the ambientcacheseparatelyfor eachprocessor, reduces
ambientcacheefficiency if the numberof processorsis increased.Therearea numberof
differentreasonsfor this. First, theambientcacheis not sharedbetweenprocessors.A result
which is obtainedby oneprocessorwill thereforenever helpany otherprocessorreduceits
workload.A potentialsolutionwould beto broadcasttheresultsof irradiancecomputations,
so that all processorscould benefit. However, this is more expensive than necessary(see
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Processors 1 2 4 8 16
Percentageinterpolated 40.2 27.1 14.3 6.1 3.6

TABLE 4.2
Fractionof ambientcalculationswhich were interpolatedasfunctionof thenumberof processors.

below).
Secondly, becausetheorderin which raysarecomputedis not maintainedin a parallel

environment,a situationmayoccurwherean intersectionis found in anareawherealready
sufficient ambientcalculationshave beenstarted,but have not yet returnedresultsthatcould
be interpolated.In sucha case,an ambientcalculationwould be startedfor the new inter-
sectionpoint, whereaswaiting for surroundingintersectionpointsto beshaded,would have
beencheaper. This is avery subtledatadependency, which requiresfutureattention.

Thethird causefor the low interpolationcapabilityis that intersectionsdetectedduring
executionof ademanddrivenprocess,will typically occurusingcachedobjects.Theshading
for suchintersectionpointswill thereforealsotakeplaceat theprocessorwhichgeneratedthe
intersectionpoint. Hence,a solutionto increasethe efficiency of the ambientcachewould
beto shaderaysonly with theprocessorsthathold the intersectedobjectspermanently. If a
demanddrivenray at someprocessorintersectsanobject,theresultcouldbesentto thepro-
cessorwhichholdstheobjectin its residentset.Fromthere,secondaryrayswill bespawned,
andeventuallyshadingwill take placeat this processor. Sucha solutionwill ensurethatam-
bient valueswill only be cachedwith the processorwhich holdsthe data. This solution is
assessedin thefollowing sub-section.

4.4. Work-flow control. Any dataparalleltaskis executedby thoseprocessorswhich
hold the dataneededto completeit. This meansthat assoonasa dataparallel ray task is
releasedinto the system,taskschedulingcontrol over this ray task is lost. In purely data
parallelsolutions,this tendsto leadto someprocessorsexecutingfar morework thanothers.
Althoughin ourhybrid schedulingalgorithm,muchof thework is executedin demanddriven
mode,the ambientsamplingcan still result in work accumulatingwith only a few of the
availableprocessors.This dependson the geometryof the scene.Hence,a mechanismis
neededto controlthetotal amountof work which is availableto thesystematany onetime.

We thereforelimited the total numberof sub-imagesthat eachprocessormay execute
simultaneouslyto two. This meansthata processorcanperformthedataselectionfor a new
sub-image(or primary ray task), while anothersub-imagestill hasresultspending. Once
tracingof theprimaryraysfor a sub-imagestarts,all raysin theray treearereleasedinto the
system.

A straightforwardmethodto limit thetotal amountof work in thesystem,is to vary the
sizeof thesub-images.Thesmallerthesub-image,the lesswork is availableto thepool of
processors.It is to be expectedthat for smallersub-images,problemswith memoryusage
andloadimbalancesarelesslikely to occurthanfor largesub-images.

At the sametime, the effect of shadingwith different processorsis studied. So far,
shadingwasperformedby theprocessorthatgeneratedtheintersectionpoint. Thiscouldwell
havebeendoneusingacachedobject.Thismethodis comparedwith aschemewhereshading
is performedby theprocessorwhich storestheintersectedobjectin its residentset. In order
to achieve this, whenever a demanddriven ray intersectsa cachedobject, the intersection
point is first communicatedto theprocessorwhich storesit. Fromthere,secondaryraysare
spawnedandshadingresultsareaccumulated.

Thestudiomodel(ColourplateA) wasrenderedon a clusterof 16 SunUltra 10 work-
stationsat a resolutionof ���	��
 pixels. Perintersectionpoint 20 ambientrayswereshot.The
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FIG. 4.3. A. Rendertimesfor differentlysizedsub-images.On theleft, intersectionpointswere not communi-
catedto therelevantprocessor, while on theright they were. B. Efficiencyof theambientcachefor differentlysized
sub-images(intersectionpoint communicationon theright).

renderingtimeasfunctionof sub-imagesizeis givenin Figure4.3a.Surprisingly, if lesswork
is availablein thesystem,therenderingtime is reduced,althoughtheefficiency remainscon-
stantacrosstheserenderings.Both workloadandoverheadsreduceby thesameamount.It
turnsoutthatfor smallersub-imagestheambientcachebecomesmoreefficient(Figure4.3b).
This canbeexplainedby thefactthat if lesswork is availablein thesystemat any onetime,
moreof it mustbeexecutedserially. As aresult,theambientcachehasmoretimeto build up
beforeit is queried,therebyallowing moreambientvaluesto becomputedby interpolation.

By communicatingintersectionpointsto the processorwhich holdsthe intersectedob-
ject, a processorwill not build the ambientcachefor partsof the scenefor which it is not
responsible.At thesametime, theambientcachewill only bequeriedby processorswhich
have a betterchanceof alreadyhaving locally built partsof thecache.Theefficiency of the
ambientcacheis thereforesignificantlybetterwhenambientraysoriginatefrom processors
whichpermanentlyown theobjectfrom which they arespawned(Figure4.3b,right).

5. Conclusions. In this paperwe have assessedthebehaviour of our hybrid scheduling
algorithmin thepresenceof asignificantdataparallelcomponentin theform of diffuseinter-
reflectionsampling.Largescenes(in this caseup to 295,000polygons)tendto requiremore
dataper demanddriven task (dependenton the amountof occlusion)thansmallerscenes.
Waitingfor datathusbecomesamoredominantfactorin thecomputations,whereasselecting
thedataandcommunicationoverheadbecomelessimportant.Theoverallefficiency therefore
remainsnearlyconstantfor varying scenesizes,with a tendency to increasefor very large
scenes.

Second,on clustersof workstations,it is shown that renderinglarge sceneswith a dis-
tributeddata-baseis possible. The resultingefficiency is not exceptionallyhigh, but as it
is not stronglydependenton the numberof processorsemployed, reasonablescalability is
observedat leastup to 80processors.

The dataparallelpart of the hybrid schedulingalgorithmwasassessedby varying the
amountof samplestaken for diffuse inter-reflection. Dynamiccontrol over the scheduling
of this portionof thecomputationis not available. Althougha largeamountof work is still
executedin demanddriven mode(primary and shadow ray tasks),the implication is that
demanddriventasksneedto bemorecarefullyscheduledto maintainabalancedworkload.

Theambientcache,which is a Radiancefeatureto reducethenumberof ambientrays,
poseschallengesin a parallelenvironment. If eachprocessorbuilds its own ambientcache,
thenit canbeexpectedthatmoretime is requiredbeforeeachcacheis sufficiently filled and
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the cachecan be read,ratherthan written. Especiallywhen a ray is shadedby a proces-
sorwhich doesnot own the intersectedobject,but usesa cachedobjectinstead,anambient
valueis insertedinto thecachewhich is unlikely to ever contributeto a successfulinterpola-
tion. This subtledatadependency wassolvedby sendingintersectionpointsto theprocessor
which owns the intersectedobject. If a processorreceivesan intersectionpoint, thenit first
queriesthe ambientcachebeforeshootingnew rays. As it receivesall intersectionpoints
thatoccurredin its partition, thechancesof successfulambientinterpolationaregreatlyin-
creased.Thecacheefficiency of this schemeis nearlyasgoodasthesequentialversionand
offsetsthe extra communicationoverhead.As this mechanismonly reducesthe workload,
parallelefficiency is not improved,althoughrenderingtimesareshorteneddrastically.

Hybrid schedulingprovidestheopportunityfor renderinglargescenesin parallelusing
Radiance,which includesdiffuseinter-reflection. Therearea numberof issueswhich will
be addressedin the future to further improve the efficiency of our implementation.These
includefurtherreducingidle time by identifying betterwaysto scheduleshadow tasksbased
onglobal,ratherthanlocal information.
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Studio Colour cube

PLATE. A. Testscenes:A. studiomodel.B. colourcubemodel.

Cube CCube A Cube DCube B

PLATE. B. ColourcubesA-D (seealsoTable4.1).

Sinc CSinc A Sinc DSinc B

PLATE. C. 2D sincfunctionsA-D (seealsoTable4.1).


