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Figure 1: Sponza Atrium scene (model by Marko Dabrovic) at 900� 300 and 100 samples per pixel, showing only indirect lighting, rendered with
our framework in 91 seconds using 2 threads, averaging approximately 25 million shader operations per second.

ABSTRACT

Wepresentanovel photonmappingframework thatusesSingleIn-
struction,Multiple Data(SIMD) parallelismto acceleratethe �nal
gatheringphaseof photonmapping.By usingSIMD instructions,
four coherenttaskscanbe computedin parallelusingalmostthe
samememorytraf�c as it would cost to processone task alone.
This approachhasbeenvery successfulfor real-timeray tracing,
but until now it hasbeenunclearhow to effectively applythesame
approachto �nal gathering. Our solution is to usesample-point
densityestimationinsteadof k-nearestneighbordensityestimation,
a techniquedrawn from reversephotonmapping.Sample-pointes-
timation removesthe overheadsthat make SIMD instructionsim-
practical,while retainingthe samebene�ts and imagequality as
traditionalphotonmapping.

Additionally, animportantquestionariseswhetherit is betterto
useforwardor reversephotonmapping. In an interactive context,
classicalasymptoticalgorithmicanalysisis not enoughto compare
thetwo algorithms.Weprovideanovel asymptoticbandwidthanal-
ysis,which addressesmoreissuesfound in practice.Theanalysis
motivatesthe useof forward photonmappingwhenusingSIMD
parallelismas well as partial reorderingfor improved scalability.
The resultingframework can achieve interactive ratesfor photon
mappingat low resolutions,includingthetimeit takesto tracepho-
tonsandbuild thephotonmap.

Index Terms: I.3.6 [ComputerGraphics]: Three-Dimensional
Graphicsand Realism—Raytracing;I.3.1 [ComputerGraphics]:
HardwareArchitecture—Parallelprocessing

1 INTRODUCTION

Photonmappingis generallyacceptedasanef�cient, versatile,and
high-qualityglobalillumination algorithm.While photonmapping
hasmany advantagesin its algorithmicsimplicity andgoodscala-
bility, it is typically regardedasanof�ine renderingalgorithm,and
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no existing implementationis truly real-time.This limits thescope
of wherephotonmappingcouldbeused,eventhoughtherearenu-
merousapplicationswhereinteractivephotorealismwouldbeideal.
In thispaperweconsiderthegoalof interactivephotonmappingus-
ing SIMD dataparallelism,towardsthelong-termgoalof achieving
real-timephotorealism.

Thereis a striking similarity betweenthe computationsusedin
real-timeray tracing and thoseusedin photonmapping. In ray
tracing,araytraversesthroughaKD-tree(or similardatastructure)
of geometricprimitives, to �nd ray-intersectionteststo compute
visibility. In photonmapping,a point sampletraversesthrougha
KD-tree(or similar datastructure),�nding hphoton,camera-pointi
pairs to computeglobal illumination. In otherwords,both algo-
rithmsinvolveacoreoperation– ray intersectiontestsandhphoton,
camera-pointi shaderoperations– andbothalgorithmsusea spa-
tial database,oftenaKD-tree,to ef�ciently cull thenumberof core
operationsthatmustbeperformed.

Becauseof thisstrongsimilarity betweenray tracingandphoton
mapping,thetechniquesusedin real-timeraytracingcouldalsoap-
ply to photonmapping.Speci�cally we arereferringto theuseof
SIMD packets,which hasbeena key factorin achieving real-time
ray tracing[21]. Theobservationof applyingpacket techniquesto
photonmappinghasbeensuggestedbefore[22], but to our knowl-
edgenorealimplementationhasdemonstratedtheuseof packetsin
thisway.

This problemcanbe attributedto the type of searchbeingper-
formedby photonmapping.Traditionalphotonmappingperforms
ak-nearestneighborsearchusingtheKD-tree,whichhasadditional
overheads.For necessaryalgorithmicef�ciency, thelistsof k items
areorganizedasheapsor priority queues[6], which incursmore
processingoverhead.Moreimportantly, eachheaporpriority queue
hasdifferentbranchinglogic while beingupdated,andthisbranch-
ing cannotbehandledin parallelwith SIMD instructions.Because
of this, it hasremainedunclearhow to effectively useSIMD paral-
lelism for photonmapping.

Contrib utions. We proposea way to solve this problemby re-
placing the k-nearestneighborquery with a different densityes-
timation techniqueknown as sample-pointestimation[19]. This
resultsin a simpler searchthat doesnot needto keeptrack of k
neighborsat once,while retainingapproximatelythesamequality



of estimation.Sample-pointestimationhasbeenusedpreviously in
reversephotonmapping[4] togainalgorithmicbene�tsoverphoton
mapping,but it hasnotbeenusedpreviously in thecontext of tradi-
tional (forward)photonmapping.By applyingthis new estimation
techniqueto forwardphotonmapping,eachhphoton,camera-pointi
paircanbecomputedindependently. This is whatmakesit possible
to effectively useSIMD instructionsfor photonmapping.

In additionto themaincontributiondescribedabove,wealsoask
whetherit is betterto useforward or reversephotonmappingfor
interactive performance.As explainedbelow, analgorithmicanal-
ysisdoesnot give enoughinformationto answerthis question.We
provide a novel asymptoticbandwidthanalysisthat givesa more
completecomparison,concludingthat forwardandreversephoton
mappinghave the samescalabilityexceptfor higherpotentialco-
herencein forwardphotonmapping.Also, an importantaspectof
fastphotonmappingis how to ef�ciently orderthequeriesto apho-
tonmapfor bettercoherence.Wedescribeamethodof implement-
ing partial Hilbert reordering,which introducesa way to tradeoff
the costof reorderingwith the costof queriesto the photonmap.
Finally, we demonstratethesecontributionswith a softwareframe-
work thatusesreal-timeraytracing,afastKD-treebuild, ourSIMD
acceleratedphoton-mapqueries,andpartialreordering.

Therestof thispaperis organizedasfollows. Section2 discusses
relatedwork in performancefor photonmapping. Section3 de-
scribesthesample-pointestimator. Section4 givesa novel asymp-
totic bandwidthanalysiswhich motivatesthe decisionsmadefor
our implementation. Sections5 describesthe SIMD framework,
Section6 describesour approachto ray coherenceandphotonco-
herenceincludingHilbert reordering,andSection7 discussesper-
formanceresults.Finally, Section8 concludes.

2 RELATED WORK

Our implementationof real-timeray tracing is basedheavily on
thework by Wald [20]. Thereaderis referredto Wald's work and
recentsurveys [20, 24, 25] for more information on highly opti-
mizedray-triangleintersections,KD-treetraversal,SIMD ray trac-
ing techniques,andglobalilluminationusingray tracing.

The �rst works on photonmappingareby Jensen[5]. Thekey
advantageof photonmappingis that the representationof illumi-
nationin thescene,photonstracedfrom light sources,is organized
separatelyfrom geometry. Thisallows lighting complexity to scale
independentlyof geometry. Photonmappingis widely agreedto be
ascalableandhigh-qualityglobalilluminationalgorithm.

Sincethen, someresearchhassuggestedthat photonmapping
wouldbeinterestingfor real-time.LarsenandChristensen[8] sim-
ulatethephotonmapusinga hemi-cuberender-to-textureapproxi-
mationontheGPU.Purcelletal. [12] suggestanddemonstratethat
aGPUimplementationof photonmappingcouldeventuallybene�t
from thepower of thestreamingparadigm.Both theseworksused
a previous generationof GPU technology, and it would be inter-
estingto revisit GPUimplementationof photonmappingin future
work now thatGPUshave becomemoregeneral-purpose.Günther
et al. [3] integratedthephotonmapwith a real-timeray tracer, but
only usedthephotonmapfor caustics.

An importantaspectof improving performanceof photonmap-
ping is reorderingcomputationsand generallyreducingmemory
traf�c. Steinhurstet al. [16] show that re-orderingthe nearest-
neighborqueriescan drastically reducethe amountof required
memorytraf�c to rendera single frame. Speci�cally, they used
Hilbert reordering, which sortsquerypointsalonga space-�lling
Hilbert curve for a very high coherence.They show that it offers
up to four ordersof magnitudereductionof the requiredmemory
traf�c, andthattheresultingorderof operationswasin somesense
optimal,becausephotonswereloadedto memoryon averageonly
2-3 times.Severalotherworks[4, 11, 20] alsoaddressthetopic of
exploiting coherentoperations,usuallyby reorderingcomputations

in someway thatresultsin signi�cantly improvedcachebehavior.
Another equally important aspectof photon mappingperfor-

manceis how to improve thecostof eachphotonmapquery. Since
this operationoccursmillions of times,it is critical to increaseits
performanceasmuchaspossible.For example,a 512� 512reso-
lution imagewith 100secondaryraysperpixel would requiremore
than25 million queries,eachof which would have roughly15-100
shaderoperations. Massive parallelism(e.g., [7]) is an essential
way to improving thethroughputof queries.Wald et al. [22] show
how thephotonmapcanbeorganizedto optimizethecostof per-
formingeachk nearestneighborquery. MaandMcCool[9] propose
anapproximatenearestneighbortechniquethathasloweroverhead
thanthetraditionalk-nearestneighborsearch.Havranet al. [4] de-
scribereverse photonmapping, which usessample-pointdensity
estimationto achieve algorithmicbene�ts comparedto traditional
photonmapping.In reversephotonmapping,insteadof eachcam-
era point searchingthrougha photonmap, eachphotonsearches
throughadatabaseof camerapoints.

To our knowledge, our work is the �rst implementationto
demonstratethe possibility of SIMD packets for photonmapping
queries,andno prior work hasexplicitly describedtheasymptotic
bandwidthscalability of photon mapping. With this bandwidth
analysiswe reacha different conclusionthan the analysisfound
in Havranet al. [4], becausetheir work focuseson fastproduction-
quality renderinginsteadof interactive performance.In aninterac-
tivesetting,preprocessingsuchasreorderingandbuilding aphoton
mapmustalsobeincludedin theanalysis.UnlikeGüntheretal. [3],
we usephotonmappingfor generalglobal illumination insteadof
caustics. Finally, unlike someother works that approximatethe
algorithmor sacri�ce scalabilityfor betterperformance,our work
retainsthemathematicalsoundness(Section3)andscalability(Sec-
tion 4) of traditionalphotonmapping.

3 DENSITY ESTIMATORS FOR PHOTON MAPPING

Eachqueryto thephotonmapcomputestheradiancealongagiven
rayby usingthelocationandcolorof nearbyphotons.This is done
by estimatingthedensityof photons,andthisestimatecanbecom-
putedusingtechniquesdrawn from densityestimationliteraturein
statistics. Herewe brie�y recall the estimationtechniqueusedin
traditionalphotonmapping,aswell asthetechniqueusedin reverse
photonmappingandourwork.

Traditionalphotonmapping[6] usesa k-nearestneighboresti-
mator[13, 19]. Photonsareorganizedinto aKD-treeto make them
ef�cient to search.Using thesephotonsandthe radiusr that en-
closesthesephotons,the radiancealong eachcameraray can be
computed.Thisk-nearestneighborestimatorcanbeexpressedas:
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where,L is theradiancewewantto estimate,K is akernelfunction
centeredaroundeachphoton. The kernel is scaledby the photon
power DFi and the BRDF re�ectance f , and r is the radiusof a
spherethatenclosesall k photons.As mentionedabove, in orderto
ef�ciently performa k-nearestneighborsearch,a heapor priority
queuedatastructureis neededto keeptrackof theclosestphotons.
Also, the radianceestimatemustwait for all k photonsto be col-
lectedbeforer canbecomputed.

Weuseasample-pointestimator[19], whichcanbewrittenas:
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whereh(xi) is the kernelwidth, derived from an initial coarsees-
timate of photondensity. As before,a kernel function centered
aroundeachphotonis appliedto the estimateeachcamerapoint.



However, insteadof searchingfor a �x ed numberof photons,this
timeall nphotonswhosekernelwidthh(xi) overlapsthequerypoint
areusedfor shading.

Eachphotoncanhave a potentiallydifferentkernelwidth, but
for this work we usedthesamekernelwidth for all photons.Pre-
vious works [4, 14] demonstratevariablekernel widths, and our
initial experimentssuggestthat it canbe donewith relatively lit-
tle overheadcomparedto �x edkernelwidths. For thepurposesof
this paper, �x ed-widthkernelsresultin thesamesubjective image
quality. Variablekernelwidths aremoreaccuratein dark regions
of a scenewherephotonsaresparser, andit will beappropriateto
addressin futurework.

In thesample-pointestimatorin Equation2, therearenoparame-
tersoutsidethesummation.Thismeanseachportionof thesumcan
becomputedindependentlyanddirectlyaddedto the�nal image.A
photoncanbeusedfor shadingimmediatelywhenit is found,with-
out having to wait for k otherphotons.Even if an implementation
still maintainsaqueueof photonsto shade,theordernolongermat-
tersbecauseit is not a k-nearestneighborsearch,andthusa heap
or priority queueis not needed.This is thekey changethatallows
SIMD parallelismto beusedeffectively.

4 ASYMPTOTIC BANDWIDTH BEHAVIOR

Becausewe areusingsample-pointestimation,originally usedin
reversephotonmapping,an interestingquestionariseswhetherit
is betterto useforward or reversephotonmappingfor interactive
performance. In this sectionwe addressthis questionbasedon
the trendof multi-coreparallelismwherebandwidthwill become
a limited resourcefor eachcore. In the context of SIMD packets,
weconcludethatforwardphotonmappingis moreappropriateover
reversephotonmapping.We alsousethis analysisto motivatethe
useof partial reordering,which reducesthe implicit constantcost
of reordering.

4.1 Asymptotic algorithm comple xity

Let us�rst brie�y recallthealgorithmicanalysisof forwardandre-
versephotonmapping.In forwardphotonmapping,p photonsare
organizedinto a KD-tree,andfor all m camerapoints,a k-nearest-
neighborqueryis performed.In reversephotonmapping,mcamera
pointsareorganizedinto a KD-tree,andfor all p photons,a �x ed-
radiussearchis performed,resulting in an averageof k photons
contributing to eachcamerapoint. Thus,thealgorithmiccomplex-
ity is

A f orward = O(plogp+ mlogp+ km); (3)
A reverse = O(mlogm+ plogm+ km): (4)

Here, the �rst term is the costof building the treefor search,the
secondterm is the cost of performingall searches,and the third
termis thecostof actuallyshadingk photonsfor eachcamerapoint.
Usuallythenumberof camerapointsis fargreaterthanthenumber
of photons,that is, m � p. Therefore,the O(mlogm) andO(km)
termsdominatereversephotonmapping,while theO(mlogp) and
O(km), dominatein forwardphotonmapping.Thevalueof k typi-
cally variesfrom 35 to 150,while logm canvary from 25-50– the
importantpoint beingthat in practiceO(mlogm) andO(km) have
roughly the samescalability. This shows that algorithmicanaly-
sis doesnot give us enoughinformation to compareforward and
reversephotonmapping.

4.2 Asymptotic band width comple xity

An asymptoticbandwidth analysis is equally important, if not
moreimportant,to compareforwardandreversephotonmapping.
With the growing trend of multi-core parallelism,computational
throughputis likely to continue increasingexponentially, while
bandwidthwill scalemuchmoreslowly. Thismeansthatany algo-
rithm thatis embarrassinglyparallel,suchasphotonmapping,will

beableto scaleuntil it becomesbandwidthlimited. To understand
thetruescalabilityof photonmapping,wemustunderstandasymp-
totically how muchmemorytraf�c the photonmappingalgorithm
requires.

Wede�ne bandwidthcomplexity to beanexpressionthatis pro-
portionalto thenumberof O(1) memoryoperationsneededto com-
putean algorithm,whereeachmemoryoperationtransfersa con-
stantnumberof bits betweenprocessorcacheandmain memory.
By this de�nition, bandwidthcomplexity cannotbe larger thanal-
gorithmic complexity, becauseany larger cost would have to be
partof thealgorithmiccomplexity in the�rst place.Thebandwidth
complexity canbe lessthanthe algorithmiccomplexity, typically
in�uencedby goodcachebehavior.

It turns out that the bandwidthrequiredfor the searchportion
of photonmappingis very low, becauseof the compact,ef�cient
representationsfor a KD-tree node. Most of thesenodesmay al-
ready be cached,and eachnode is only 8 bytes. In [14], the
bandwidthrequiredfor theshadingportionis consistentlylessthan
5% of the total raw bandwidthcost. Even asymptotically, look-
ing at Equations3 and4, thecomplexity of thesearch,O(mlogp)
andO(plogm), will not grow fasterthanthe shadingcomplexity,
O(km). For thesereasonsit is appropriateto eliminatesearchcom-
plexity from thebandwidthanalysisentirely.

On the otherhand,the bandwidthrequiredto constructa KD-
treeis very high. To build onenodeof theKD-tree,all thepoints
containedinsidethatnodemustbetraversedin orderto bin it to the
right or left child – this appliesto any type of KD-tree. Thusthe
bandwidthcomplexity is thesameasthealgorithmiccomplexity –
O(plogp) for forwardphotonmappingandO(mlogm) for reverse
photonmapping.Nearthebottomlayersof the tree,all thepoints
containedin a givennodecan�t into cache.Simulationsfrom pre-
viouswork [14] show thatcachinga depth-�rst KD-treebuild can
reducethebandwidthby abouthalf. Asymptotically, however, the
requiredbandwidthwill outgrow the bene�ts of cache,andso the
costremainsO(nlogn) for n points.

Thebandwidthcostof shadercomputationscanbecharacterized
in two differentways,dependingon theorderingof operations.If
consecutive operationsaremostly incoherent,we canassumethat
the bandwidthcost will be proportionalto the algorithmic cost,
O(km). In thiscase,thetotal bandwidthcomplexity is:

B f orward = O(plogp+ km); (5)
B reverse = O(mlogm+ km); (6)

wherethelogarithmictermis thecostof building theKD-tree,and
km is thecostof shadingcomputations.Becausep is usuallysev-
eralordersof magnitudesmallerthanm, forwardphotonmapping
requireslessbandwidththanreversephotonmapping.

If consecutive operationsarecoherent,it is unclearexactly how
thekmtermis reduced.Wecanestimatetherequiredbandwidthas
O(km=q), whereq representsthe coherency betweenconsecutive
operations.Thehigherthecoherence,thelower thebandwidthcost
will be.

Onemajorapproachto increasingcoherenceis to explicitly re-
ordercomputations[4, 11,16]. To ourknowledge,thebestreorder-
ing techniquesrequireO(nlogn) algorithmicandbandwidthcost
to reordern operations.For example,Hilbert reordering,shown to
be nearlyoptimal [16], canbe implementedasbuilding an octree
in O(nlogn) [1]. It is still anopenproblemto determineif similar
optimalcoherencecanbeachievedwith lesscostlypreprocessing,
but intuitively it seemsthatO(nlogn) is thebestthatcanbedone,
since“optimal ordering” implies that all n operationshave been
properlysortedor organizedin a treestructure.Finally, notethat
reorderingimprovesonly thebandwidthcostof shading,but it adds
anadditionaltermto bothalgorithmicandbandwidthanalysis.Ac-
countingfor the bene�t andadditionalcostof optimal reordering,



wecanapproximatethebandwidthcomplexity to be:

B 0
f orward = O(mlogm+ plogp+ km=q); (7)

B 0
reverse = O(plogp+ mlogm+ km=q): (8)

Interestingly, in thiscaseforwardandreversephotonmappinghave
the samebandwidthcost. However, now both methodshave the
extremelycostlyO(mlogm) term.

4.3 Our appr oach

Onedetail thatdistinguishesEquations7 and8 is theuseof SIMD
parallelism.SIMD parallelismis only bene�cial whenthe four si-
multaneousqueriesareverycoherent.If they arenotcoherent,then
theaveragenumberof activequeriesperSIMD operationdecreases,
resultingin very little gain comparedto a non-SIMD implemen-
tation. Photonsaregenerallysparserandmoreevenly distributed
thancamerapoints,andthus,evenwith reordering,a SIMD packet
of photonswouldbelessef�cient thanapacketof camerapoints.

Also, thebandwidthcostof reorderingcanbereducedvia partial
reordering.With effective reordering,photonmappingcanbecome
compute-limitedinsteadof bandwidthlimited. Therefore,there
comesapointwherereorderingcomputationsfurtherno longerim-
provesperformancesigni�cantly. For thisreason,weemploy apar-
tial Hilbert reorderingschemethat reordersqueriesto the photon
mapjust enoughthat the bestperformanceis achieved, but with-
out wastingcomputationon further reordering.Sincem� p, par-
tial reorderingbene�ts forwardphotonmappingmorethanreverse
photonmapping.Our speci�c implementationof reorderingis de-
scribedin Section6.2.

In summary, our bandwidthanalysisrevealsseveral pointsthat
a traditionalalgorithmicanalysisdoesnot show. First, theimplicit
constantcostassociatedwith searchis verysmall,andthusthecost
of searchingfor shaderoperationsis negligible. Second,weseethat
reorderingandbuildingaKD-treearethebottleneckstowardsbetter
scalability, becauseof thehigh bandwidthrequirement.Third, our
bandwidthanalysisshows that forward and reversephotonmap-
ping have effectively the samebandwidthscalability, and so our
approachis to favor forwardphotonmappingbecauseit canbene�t
greaterfrom SIMD andpartialreorderingtechniques.

5 SIMD PHOTON MAPPING FRAMEWORK

In Section3 we describedthe sample-pointestimatorthat allows
SIMD parallelism,andthenin theprevioussectionwe justi�ed the
useof forward photonmapping. In this sectionwe describeour
SIMD framework.

5.1 Photon and ray tracer

The foundationof our framework is a real-timeray tracerbased
on work by Wald [20], with minor differencesin datalayout. We
useup to four threads,which allows ef�cient executionon multi-
coreprocessors.On a 2.66GHz Core2 Duo, this foundationcan
traceup to 20 million rayspersecondon trivial scenes,10 million
rays per secondon moderatelycomplex scenesincluding texture
mapping,BRDF evaluation,and direct lighting, and 2-8 million
raysper secondwith secondaryrays that gatherindirect lighting.
While it is possibleto improve performanceeven further on state
of theart processors,suchwork is beyondthescopeof this paper,
andthis performancegivesampletime for photonmapqueriesto
becomputed.

Our speci�c implementationof �nal gatheringis describedas
follows. Primaryraysare tracedfrom the camerainto the scene,
andmany secondaryraysarespawnedfrom the intersectionpoint
of eachprimaryray. Throughoutthepaper, themetric“samplesper
pixel” is equalto the numberof secondaryraysper primary ray,
becausewe useonly oneprimary ray per pixel. The intersection

point found for eachsecondaryray becomesa photonmapquery,
whereweestimateradiancealongthesecondaryray.

Weuseonly singleraysto tracephotonsin orderto avoid altering
thedistributionof photons.Thenumberof photonsis smallenough
thattracingsingleraysis still very fast.Also, in practice,we found
that the O(plogp) costof building a KD-tree photonmap is fast
enoughfor interactiveperformancewhenp, thenumberof photons,
is approximately500,000or less.This is enoughphotonsto capture
indirect lighting effectively for mostscenes.Note that this is why
reversephotonmapping,thoughveryef�cient for of�ine rendering,
cannotbeusedinteractively: every framewould requirebuilding a
KD-tree of millions of camera-points.Finally, our photontracing
andKD-treebuild donotexploit multiple threads,but parallelizing
thesetwo phasesof computationis straightforwardandshouldgive
theexpectedspeedups.

5.2 Data layout

Ourdatastructuresandlayoutareasfollows. Photonsarestoredin
two separatelists,onefor the“hot” datathatis accessedfrequently,
andonefor the “cold” datathat is only accessedwhenthephoton
contributesits informationto acamerapoint:

// 16 bytes
struct PointSample {

Point p; // x, y, z, location
void * coldData;

};

// 24 bytes
struct PhotonData {

Vector incomingDirection;
Color power; // red, green, blue

};

Thephotonmapis a KD-tree,storedasanarrayof KDNodestruc-
tures.Thelayout is similar to thestructuredescribedby Pharrand
Humphreys [10].

// 8 bytes
struct KDNode {

union {
float splitPlane;
unsigned int axis; // 2 bits

};
int childrenIndex;

};
KDNode photonKDTree[NUM_PHOTONS];

In this tree,onephotonis placedwith eachKD-treenode,andthe
split planeof thenodeis chosenspeci�cally sothatthephotonlies
on the split plane. Becauseof this, we mustusean index instead
of a pointer for the children,and in turn we mustplacethe 2-bit
axis either in the upperbits of the index or in the lower bits of
the �oating-point mantissaof splitPlane . Puttingthis �ag in
theupperbits of a numberrequiresusingconditionalbranchingor
costlyshift operations,thereforefor this implementationweplaced
thebits in the�oating-point mantissa.Thelossof accuracy because
of this is negligible in ourexperience.

Originally we tried to adaptthe sliding-midpointKD-tree that
is effective for reversephotonmapping[4]. However, this data
structurestoresup to 30 pointsper leaf node,andno pointsin in-
nernodes.This approachworkswell for reversephotonmapping,
wherea photonmay contribute to several hundredcamerapoints,
andthirty camerapoints in oneleaf areall likely to be used. For
forwardphotonmapping,however, whereeachcamerapoint typi-
cally usesfewerthan100photons,thisdatastructureresultedin too
many wastefulshaderoperationswherethephotonwastoofarfrom
thecamerapoint, resultingin no contribution. We alsotried reduc-
ing thenumberof pointsperleafnodefor thesliding-midpointKD-
tree,but this resultedin aprohibitively largetree.By usingthetree



wherephotonslay on thesplit planes,we wereableto avoid most
of the unnecessaryshaderoperationsandplaceknown boundson
thesizeof thetree– atmosttheKD-treewill havethesamenumber
of nodesastherearephotons.

To implementSIMD photongathering,weuseIntel SSEinstruc-
tions. The �rst pieceof datais four points that werefound from
tracingapacketof rays,andthesecondpieceof datais theincident
directions.

struct SSEPoint {
__m128 x;
__m128 y;
__m127 z;

} queryPoint;

struct SSEVector {
__m128 dx;
__m128 dy;
__m128 dz;

} incomingDirection;

Here, m128 holds four �oating-point valuesthat are processed
in parallelwith SIMD instructions. Thesetwo datastructuresal-
readyoccurin the packet ray tracerasthe origin anddirectionof
a ray. For photonmapping,queryPoint representsfour cam-
era points wherephotonillumination needsto be computed,and
incomingDirection representsthe incidentdirectionon each
point,usedfor shading.

5.3 SIMD traversal

After a packet of secondaryrays has beentraced, the resulting
pointsof intersectionarequerypointswheretheillumination infor-
mationof photonsis computedusing the sample-pointestimator.
Thiscanbedoneby usinga �x ed-radiussearchthroughthephoton
map. Two piecesof informationarepassedon from thepacket of
raysto theSIMD photongatheringcode.The�rst pieceof datais
abit maskindicatingwhich raysof apacket did intersectanything,
andwhich raysof the packet shouldbe omitted from the photon
query. The secondpieceof datais the intersectionpoints of the
packetof rays.

Our SIMD traversalis similar to theSIMD ray tracingtraversal
shown by Wald [20], but the detailsaredifferentbecausewe are
traversingpointsinsteadof rays.Thepseudocodeis asfollows and
explainedbelow:

float searchRadius
SSEPoint queryPoint; // four values of x, y, z
KDNode currentNode // initialized to the root node
stack; // search stack

while ( stack.notEmpty())
{

if(IS_LEAF(currentNode)) {
ShadeCurrentNode(...);

}
else {

// determine if axis is x, y, or z
axis = DIMENSION(currentNode.axis);
dist = queryPoint[axis] - currentNode.splitPlane;
maskLeft = mask & (dist < -searchRadius);
maskRight = mask & (dist > searchRadius);
if (maskLeft)

stack.push(leftChildNode,mask);
if (maskRight)

stack.push(rightChildNode,mask);
if (maskLeft & maskRight)

ShadeCurrentNode(...);
}
(currentNode,mask) = stack.pop();

}

In this pseudocode,maskLeft andmaskRight are4-bit masks
indicatingwhich of four querypointsshouldremainactive when
searchingthroughtheleft or right children.A querypoint remains
active if its searchradiusoverlapsthe child node. If any one of
the four simultaneousqueriesis active in both children,that is, if
(maskLeft & maskRight) is non-zero,then that meansthe
query radius overlapsthe splitting plane. In this condition, the
photonassociatedwith the currentnodeis usedfor shading,be-
causethephotonlieson thesplit planeof thecurrentnode.Finally,
ShadeCurrentNode usesthephotonassociatedwith thecurrent
KD-tree nodeto computea portion of the summationdescribed
in Equation2. This function performsa more accuratedistance
checkto make surethephotonactuallycontributesto theappropri-
atequerypoints.

6 COHERENT ORDERING

6.1 Ray coherence

It is alreadygiven that packets of primary rays, tracedfrom the
cameraview, will behighly coherent.However, secondaryraysare
lessspatiallycoherent,andsoit is achallengeto handlehow mem-
ory is accessedthroughoutthephotonmappingalgorithm.Givena
point wherea primary ray intersected,this point becomesthe ori-
gin for packetsof secondaryrays. To generatedirectionalvectors
for thesesecondaryrays,we usea strati�ed sampler. A strati�ed
samplerdividesthe samplespaceinto a regular grid of cells, and
choosesa �x ednumberof samplesfor eachcell. This is a method
of uniform sampling,sofor importancesampling,this grid of cells
is then mappedto the appropriatedesireddistribution. Strati�ed
samplinghasthenicepropertythatasthenumberof strati�ed cells
increases,thesizeof eachcell decreases,andthereforecoherency
of sampleswithin a singlecell andin nearbycells alsoimproves.
We placefour randomsamplesin eachstrati�ed cell, so that these
four sampleswill createrayswith similar directionsandthesame
origin.

We also interleave computationsper threadby having threads
processevery otherpixel (or every fourth pixel, in thecaseof four
threads).Simplygiving eachthreadadifferenttile of theimagewas
clearly incoherent,becausefour threadsbegan to perform worse
than two threadson a dual core processor. By interleaving the
computations,eventhoughwedonotenforceany synchronization,
four threadswereableto scaleperformanceslightly better. Ourap-
proachto ray coherenceworks well enoughto show performance
increaseusingSIMD packets,but in futurework a betterordering
techniqueis necessaryfor higherperformance.

6.2 Photon coherence

For eachsecondaryray, insteadof immediatelyperformingthepho-
tonquery, westorethepointswheresecondaryraysintersectsothat
all thequeriescanbereorderedandperformedaftertracingall rays.
Thisapproachreducescachethrashingbetweenthescenegeometry
dataduringray tracingandthephotondataduringshading.During
reorderingandshading,thequerypointscanbestreamedin andout
of cachepredictablyandthereforewith lesslatency overhead.

To reorderthe query points, we useHilbert reordering,which
hasbeenshown to be highly effective for reorderingphotonmap
queries[16]. Figure2 depictsthe analogybetweena 2-D Hilbert
curve anda quadtree.TheHilbert curve traversesall nodesof the
quadtreein a speci�c order. As theHilbert curve andquadtreeare
recursively expanded,the coarseorderingdeterminedby previous
recursive stepsdoesnot change. In�nitely recursing,the Hilbert
curve �lls theentirespace,while thenodesof thequadtreebecome
in�nitesimally small. In this way thespace�lling curve is exactly
thesameasaquadtreewith speci�c orderingof its nodes.Thesame
analogyholdsbetweena3-D Hilbert curveandanoctree.

Basedonthisproperty, querypointscanbesortedalongaHilbert
curve simply by organizingthepointsinto anoctree,while enforc-



Figure 2: Visualization that shows how a 2-D Hilbert curve is analo-
gous to a quadtree. The same analogy holds between a 3-D Hilbert
curve and an octree.

ing a speci�c orderingof nodes. The orderingof nodesis deter-
minedby thepaththat theHilbert curve takes,which is givenpro-
cedurallyby a Lindenmayersystem– a systemof rulesthatde�ne
how thecurve recursively subdivides. In our case,we storetheL-
systemasa straightforward, compactlook-up tablethat describes
the orderingof child nodesgiven the orderingandorientationof
theparentnode.This allows usto sortpointsalonga Hilbert curve
for essentiallythesamecostasbuilding anoctree,O(nlogn).

Partial reordering. In Section4.3we motivatedtheuseof par-
tial reordering.Becausea Hilbert curve is de�ned recursively, we
canimplementpartial reorderingby simply stoppingrecursionbe-
fore pointsarefully sorted.Partial reorderingallows usto achieve
the“sweetspot”wherephotonmappingbecomescompute-limited,
where further improving the cachebehavior with reorderingno
longerimprovesperformance.Another“sweetspot” to explore is
to optimize the sumof time spentreorderingandtime spentper-
forming queries. In the caseof usingSIMD packets, the second
sweetspotis moreimportantandrequiresa �ner granularityof re-
orderingto make coherentpackets.In this work, we stoprecursion
whenthereare16 or fewer pointsbeingrecursively sorted. This
value was found by manualtrial and error, and determiningthis
valueautomaticallyis left asfuturework.

7 RESULTS

Generalperformancecanbeseenin Table2, Table3, andFigure4.
In the rest of this section,we discussspeci�c aspectsof perfor-
mancein moredetail.

Effectivenessof SIMD. To measuretheeffectivenessof SIMD
parallelism,we lookedat theaveragenumberof active shaderop-
erationstaking placeduring the function ShadeCurrentNode .
Sincethereareat mostfour paralleloperationsin SSEinstructions
andat leastoneactivequeryif thefunctionis usedatall, thismetric
canrangefrom 1.0 in worstcaseto 4.0 in bestcase.Table1 shows
thatSIMD canbeeffectively usedfor photonmapqueries,but only
whencombinedwith reorderingwhich improvesthe coherenceof
photonqueries.We alsofoundthatmoretotal samples(reordered)
anda largersearchradiusfor eachquerypoint improve thismetric.

ComparisonbetweenSIMD andnon-SIMDis shown in Table3.
Performanceimprovessigni�cantly, but not ideally. This is because
our currentimplementationonly appliesSIMD to the searchand
doesnot parallelizethe shaderoperations,sinceeachquerypoint
in aSIMD packetmaypotentiallyhaveadifferentBRDF. In future
work we expectit will bestraightforward to addressthis by using
SIMD parallelismfor shaderoperationsthatusethesameBRDF.

Multi-cor e scaling. Scalabilityfor our rendereron the Sponza
Atrium andCornellBox scenescanbeseenin Table2. Thesere-
sultswereacquiredon a 2.66 GHz Intel Core2 Duo with 4 MB
sharedcache,exceptfor the lastentryrunningfour threads,which
wascapturedon a 2.66GHz Intel quad-coreprocessorwith 8 MB
cache.In bothscenes,performancescaledlinearlywith thenumber
of cores.Notethatthecomplexity of photonmappingis mostlyin-
dependentof scenegeometry. EventhoughtheCornellBox scene
hassimplegeometry, our CornellBox testusesa biggeraveragek
value,andthereforethequeriesto thephotonmaptake moretime
despitethe simplicity of the scene. Also note that the resultsin

Without With
reordering reordering

CornellBox
Direct visualization 3.18 N/A
16samplesperpixel 1.07 2.84
64samplesperpixel 1.16 3.32
100samplesperpixel 1.20 3.41

Sponza
Direct visualization 3.74 N/A
16samplesperpixel 1.41 3.83
64samplesperpixel 1.72 3.92
100samplesperpixel 1.84 3.93

Table 1: Average number of individual queries active during a SIMD
shading operation. This metric ranges from 1.0 (worst case) to 4.0
(best case). These numbers were acquired at 256� 256.

Sponza CornellBox
Resolution 308� 308 308� 308

Numberof triangles 66,454 30
Samplesperpixel 576 576

Averagek 45 60
SIMD ray tracingonly 104s 65s

1 core 235s 276s
2 cores 118s 146s
4 cores 61s 80s

Shader-operations
persecondpercore 10million 11million

Table 2: Performance for the con�gur ation of Sponza and Cornell
Box scenes shown in Figure 3, showing how performance scales with
SIMD and multiple cores. k is the average number of shader oper-
ations per camera point, and “SIMD ray tracing only” gives baseline
performance of the ray tracer, ray tracing all samples, but with no
gathering phase.

Table2 do not usereordering.With reordering,the coherency of
querypointsis independentof thecoherenceof secondaryraysthat
generatedthesequeries;suchresultscanbeseenin Table3.

Interacti ve performance. Imagesof an interactive sessioncan
beseenin Figure4, averagingabout10-11framespersecondwhen
visualizingphotonsdirectlyand1.14framespersecondwhenvisu-
alizing thephotonmapindirectlywith 16 samplesperpixel. These
imageswerecapturedusing4 threadson the2.66GHz Intel quad-
coreprocessor. It is possibleto interactively move thecameraand
light sources.Tracingphotons,building thephotonmapKD-tree,
tracingprimaryandsecondaryrays,reordering,andcomputing�-
nalgatheringareall recomputeddynamicallyin every frame.

Bene�ts of reordering. Table 1 and Table 3 both show per-
formancewith andwithout reordering.Performanceimprovessig-
ni�cantly with reordering,andit is clearly necessaryfor effective
SIMD parallelism.Weobservedtwo distinctbene�tsof reordering.
The �rst is improved cachebehavior, which canbe achieved by a
coarsepartial reordering. The secondis improved SIMD perfor-
mancewhich bene�tsmorefrom �ner granularityreordering.This
distinctionmaybeinterestingto exploit for faster, equallyeffective
reorderingtechniquesin future work. Both Table 1 and Table 3
re�ect performanceusingpartial reordering,describedabove, that
stopsrecursionwhenthereare16or fewerpointsin arecursivestep.

Tracing photonsandbuilding thephotonmap. Thetimetaken
to tracephotonsusingsinglerayswasreasonable,ableto traceup
to 500,000photonsin lessthanhalf a second.It would bestraight-



Figure 4: Images that represent the quality of rendering with interactive performance. Photons are traced and organized into a KD-tree dynam-
ically every frame. The 2-D user interface is 900� 900, but the rendering software used a resolution of 256� 256. The leftmost image shows
photons directly visualized, averaging about 10 frames per second (fps). The samples per pixel (spp) and frame rate for the other three images,
from left to right, are 16 spp (1.14 fps), 64 spp (0.34 fps), and 100 spp (0.23 fps).

No With With
# of rays H.R. H.R. H.R. Time to

Scene (millions) SIMD single SIMD reorder
Cornell 6.5M 9.5s 3.8s 3.1s 0.20s
Cornell 10M 14.3s 5.8s 4.6s 0.33s
Sponza 6.5M 19.9s 12.32 9.3s 0.36s
Sponza 10M 28.8s 18.34 13.6s 0.56s

Table 3: Comparison showing the cost of partial Hilbert Reordering
(H.R.) and how it signi�cantly improves performance. These num-
bers correspond to the Cornell Box and Sponza scenes rendered at
320� 320 with 64 and 100 samples per pixel, using 2 million photons.

forward to tracephotonsin parallelwith multiple threads,but it is
not clearhow to tracecoherentpacketsof photonswithout biasing
thedistributionof lighting information.

Building the photonmapKD-tree canbe donevery quickly as
long asthe numberof photonsis lessthanabout500,000. In our
experiencethis is true for both the sliding-midpointKD-tree used
in reversephotonmappingaswell asthe KD-tree we usedin our
implementation.For 500,000photons,theKD-treetypically takes
about1=3 of a secondto build. Beyond this, the KD-tree build
takes too long for interactive performance. Note that if we had
usedreversephotonmapping,the KD-tree would have beenbuilt
over thesetof querypoints,andwe would have beenforcedto re-
build a KD-treeof millions of pointsevery frame,which would be
prohibitive for scalableperformance.

7.1 Discussion

Oneusefulmetricto measuretheperformanceof photonqueriesis
thenumberof shaderoperationspersecond,whereeachshaderop-
erationis theprocessof computingahphoton,camera-pointi pair's
contribution to a pixel. Thereasonwe proposethis metric instead
of thenumberof queriespersecondis that theaveragenumberof
photonsper query, k, may vary dependingon several factors,and
so a direct comparisonof queries/secacrossdifferentworks may
notbeasinformative. Thecomputationrequiredfor oneshaderop-
erationis moreconsistentandpredictable.We typically achieveda
rateof 8-12million shaderoperationspersecondpercore,asshown
in Table2 andFigure1 on the �rst page.While this is enoughfor
interactive performance,we estimatethat hundredsof millions of
shaderoperationsper secondwill be necessaryfor real-timehigh
qualityglobalillumination.

Wefocusedondiffusesurfacesbecausethisrepresentstheworst-

Figure 3: Sponza Atrium scene (model by Marko Dabrovic) and Cor-
nell Box scene using our SIMD photon mapping framework, showing
only indirect lighting from 500,000 photons, rendered at 308� 308
and 576 samples per pixel. These images correspond to the results
in Table 2.

caseincoherentdistribution of secondaryrays,especiallywhenus-
ing fewer secondaryraysper primary ray. Consequently, the dis-
tribution of queriesto the photonmapis alsoroughly worst-case.
A glossymaterial,on the other hand,will have many more rays
bouncingin a similar direction,resultingin bettercoherenceafter
reordering.Our framework is capableof handlingglossymaterials
by usingtheappropriateBRDFfunction– f () in Equation2.

Concurringwith thebandwidthanalysiswe gave in Equation7,
the performanceof this framework is roughly proportionalto the
numberof shaderoperations,andthebandwidthcostof tree-build
andsearchareusuallyonly 10-30%of theentiretimespentrender-
ing. Table2 shows thatnearlyhalf the time for gatheringis spent
tracingrays,this is becauseour secondaryraysarenot ideally co-
herent. As mentionedbefore,this ray incoherenceis independent
of photoncoherencewhenusingreordering.

7.2 Future Work

Our implementationhassigni�cant room for improvement. The
codethat performssamplingand materialpropertiesis basedon
the implementationin the pbrt software [10], which hasa virtual
interface to invoke a BRDF evaluation. This occursfour times
in the mostcritical part of the shadercomputations,becauseeach
hphoton,camera-pointi canpotentiallyhaveadifferentsurfacema-
terial to evaluatethe contribution. Furthermore,we did not try to
aggresively optimizeSIMD implementation.Fine-tuninga SIMD
implementationis a meticulousprocessthat often requiresbrute-
forcetrial anderror, but canmakeasigni�cant differencein perfor-



mance.It is very likely thatcarefuluseof theprefetchinstruction
andavoiding needlesslyunpackingandrepackingSIMD datacan
hidethelatency of severalhot spotsin our implementationthatare
currentlylimiting performance.

Theuseof sample-pointestimationfor photonmappingstill has
many openquestions.For many commonlighting scenarios,�x ed-
width kernelsare accurateenough,but in future work it will be
appropriateto usea variablekernelwidth. In reversephotonmap-
ping, Havran et al. [4] usedthe sliding-midpointKD-tree to esti-
matekernelwidths basedon the densityof photonsin leaf nodes.
We tried to apply this sametechniquewith forward photonmap-
ping, but found that the sliding-midpointKD-tree resultedin too
many wastefulshadercomputations.The sample-pointestimator
will alsobeinterestingto examineon theGPU,becauseit hasless
overheadthan the traditional k-nearestneighborestimationtech-
niqueandis conducive to massiveparallelism.

Finally therearemany techniquesthatcouldbecombinedwith
SIMD photonmappingtowardsinteractive performancein the fu-
ture work. Theseinclude, but are not limited to, framelessren-
dering[2], temporalcoherence[18], densitycontrol [17], GPUac-
celeration[12], customhardwareacceleration[15], andintegration
with othereffective real-timeray tracingtechniquesfor globalillu-
mination[23].

8 CONCLUSION

We have presenteda framework that usesSIMD (single instruc-
tion, multiple data)parallelismto acceleratephotonmapping.Un-
til now, it was unclearhow to effectively useSIMD extensions,
becausethek-nearestneighborsearchhaddatastructureoverheads
andbranchinglogic that is not appropriatefor SIMD. By applying
thesample-pointestimator, previouslyusedin reversephotonmap-
ping,wewereableto reducetheoverheadsthatpreventedtheuseof
SIMD instructions.At thesametime, thequestionariseswhether
we shouldsimply applySIMD instructionsto reversephotonmap-
ping,or if forwardphotonmappingis moreapplicableto real-time.
Sinceanalgorithmicanalysiswasnotenough,weprovidedanovel
bandwidthanalysisto show that forward photonmappingandre-
versephotonmappinghavethesamebandwidthscalability, but that
forward photonmappinghasa slight advantagein the context of
SIMD parallelismandpartial reordering. We demonstratedthese
contributionswith aframework thatcancomputemillions of shader
operationspersecond,which is enoughfor interactiveperformance
at low resolutions.
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