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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

We presentanovel photonmappingframevork thatusesSingleln-
struction,Multiple Data(SIMD) parallelismto acceleratehe nal
gatheringphaseof photonmapping. By using SIMD instructions,
four coherenttaskscan be computedin parallel usingalmostthe
samememorytrafc asit would costto processone task alone.
This approachhasbeenvery successfufor real-timeray tracing,
but until now it hasbeenunclearhow to effectively applythe same
approachto nal gathering. Our solutionis to use sample-point
densityestimationinsteadof k-nearesheighbordensityestimation,
atechniguedravn from reversephotonmapping.Sample-poines-
timation removesthe overheadshat make SIMD instructionsim-
practical, while retainingthe samebene ts andimage quality as
traditionalphotonmapping.

Additionally, animportantquestionariseswhetherit is betterto
useforward or reversephotonmapping. In aninteractve context,
classicalasymptoticalgorithmicanalysiss notenoughto compare
thetwo algorithms.We provide anovel asymptotidbandwidthanal-
ysis, which addressemoreissuesfoundin practice. The analysis
motivatesthe useof forward photonmappingwhen using SIMD
parallelismas well as partial reorderingfor improved scalability
The resultingframeavork canachieve interactve ratesfor photon
mappingatlow resolutionsjncludingthetimeit takesto tracepho-
tonsandbuild the photonmap.

Index Terms: 1.3.6 [ComputerGraphics]: Three-Dimensional
Graphicsand Realism—Raytracing].3.1 [Computer Graphics]:
HardwareArchitecture—Rrallel processing

1 INTRODUCTION

Photonmappingis generallyacceptedsanef cient, versatileand
high-qualityglobalillumination algorithm. While photonmapping
hasmary adwantagesn its algorithmicsimplicity andgoodscala-
bility, it is typically regardedasanof ine renderingalgorithm,and
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no existingimplementations truly real-time.This limits the scope
of wherephotonmappingcould be used eventhoughtherearenu-

merousapplicationavhereinteractie photorealisnwould beideal.
In this papemwe considethegoalof interactive photonmappingus-
ing SIMD dataparallelism towardsthelong-termgoalof achieving

real-timephotorealism.

Thereis a striking similarity betweenthe computationsisedin
real-timeray tracing and thoseusedin photonmapping. In ray
tracing,aray traverseghrougha KD-tree (or similar datastructure)
of geometricprimitives,to nd ray-intersectiorteststo compute
visibility. In photonmapping,a point sampletraversesthrougha
KD-tree (or similar datastructure),nding hphoton,camea-poini
pairsto computeglobal illumination. In otherwords, both algo-
rithmsinvolve acoreoperation- ray intersectiortestsandhphoton,
camen-poini shaderopeitions— andbothalgorithmsusea spa-
tial databasepftena KD-tree,to ef ciently cull thenumberof core
operationghatmustbe performed.

Becausef this strongsimilarity betweerray tracingandphoton
mappingthetechniquesisedn real-timeray tracingcouldalsoap-
ply to photonmapping. Speci cally we arereferringto the useof
SIMD paclets,which hasbeena key factorin achiezing real-time
ray tracing[21]. The obsenration of applyingpaclet techniquego
photonmappinghasbeensuggestetbefore[22], but to our knowl-
edgenorealimplementatiorhasdemonstratethe useof pacletsin
this way.

This problemcanbe attributedto the type of searchbeingper
formedby photonmapping. Traditionalphotonmappingperforms
ak-nearesheighborsearchusingtheKD-tree,whichhasadditional
overheadsFor necessaralgorithmicef ciency, thelists of k items
are organizedas heapsor priority queueg6], which incurs more
processingverhead Moreimportantly eachheapor priority queue
hasdifferentbranchingogic while beingupdatedandthis branch-
ing cannotbe handledn parallelwith SIMD instructions.Because
of this, it hasremainedunclearhow to effectively useSIMD paral-
lelismfor photonmapping.

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



of estimation.Sample-poinestimatiorhasbeenusedpreviouslyin
reversephotonmapping4] to gainalgorithmicbene tsoverphoton
mappingbutit hasnotbeenusedpreviouslyin the contet of tradi-
tional (forward) photonmapping.By applyingthis nex estimation
techniqueo forwardphotonmapping eachiphoton,camen-point
paircanbecomputedndependentlyThisis whatmalkesit possible
to effectively useSIMD instructionsfor photonmapping.

In additionto themaincontritutiondescribedibore, we alsoask
whetherit is betterto useforward or reversephotonmappingfor
interactve performance As explainedbelaw, analgorithmicanal-
ysisdoesnot give enoughinformationto answetthis question.We
provide a novel asymptoticbandwidthanalysisthat gives a more
completecomparisonconcludingthat forward andreversephoton
mappinghave the samescalability exceptfor higher potentialco-
herencen forward photonmapping. Also, animportantaspeciof
fastphotonmappingis how to ef ciently orderthequeriego apho-
ton mapfor bettercoherenceWe describea methodof implement-
ing partial Hilbert reordering,which introducesa way to tradeof
the costof reorderingwith the costof queriesto the photonmap.
Finally, we demonstratéhesecontributionswith a softwareframe-
work thatusegeal-timeraytracing,afastKD-treebuild, our SIMD
accelerategphoton-mapueries andpartialreordering.

Therestof thispaperis organizedasfollows. Section2 discusses
relatedwork in performanceor photonmapping. Section3 de-
scribesthe sample-poinestimator Section4 givesa novel asymp-
totic bandwidthanalysiswhich motivatesthe decisionsmadefor
our implementation. Sections5 describegshe SIMD framework,
Section6 describeur approachto ray coherenceaind photonco-
herencancluding Hilbert reordering,and Section7 discusseper
formanceresults.Finally, Section8 concludes.

2 RELATED WORK

Our implementationof real-timeray tracingis basedheaily on
thework by Wald [20]. Thereaderis referredto Wald's work and
recentsuneys [20, 24, 25 for more information on highly opti-
mizedray-triangleintersectionsKD-treetraversal,SIMD ray trac-
ing techniquesandglobalillumination usingray tracing.

The rst works on photonmappingareby Jenser5]. The key
adwantageof photonmappingis that the representatiomf illumi-
nationin the scenephotonstracedfrom light sourcesis organized
separatelyrom geometry This allows lighting compleity to scale
independentlyf geometry Photonmappingis widely agreedo be
ascalableandhigh-qualityglobalillumination algorithm.

Sincethen, someresearchhas suggestedhat photonmapping
would beinterestingfor real-time.LarsenandChristenseif8] sim-
ulatethe photonmapusinga hemi-cuberenderto-texture approxi-
mationonthe GPU.Purcelletal. [12] suggesanddemonstratéhat
aGPUimplementatiorof photonmappingcouldeventuallybene t
from the power of the streamingparadigm.Both theseworks used
a previous generationof GPU technology andit would be inter
estingto revisit GPUimplementatiorof photonmappingin future
work now that GPUshave becomemoregeneral-purposesiinther
etal. [3] integratedthe photonmapwith a real-timeray tracer but
only usedthe photonmapfor caustics.

An importantaspecbf improving performancenf photonmap-
ping is reorderingcomputationsand generallyreducingmemory
trafc. Steinhurstet al. [16] shav that re-orderingthe nearest-
neighbor queriescan drastically reducethe amountof required
memorytrafc to rendera single frame. Speci cally, they used
Hilbert reordering which sortsquery pointsalonga space- lling
Hilbert curve for a very high coherence.They shav thatit offers
up to four ordersof magnitudereductionof the requiredmemory
traf ¢, andthattheresultingorderof operationsvasin somesense
optimal, becausghotonswereloadedto memoryon averageonly
2-3times. Severalotherworks[4, 11, 20] alsoaddresghetopic of
exploiting coherenbperationsusuallyby reorderingcomputations

in someway thatresultsin signi cantly improved cachebehaior.

Another equally important aspectof photon mapping perfor
mances how to improve the costof eachphotonmapquery Since
this operationoccursmillions of times, it is critical to increasets
performanceasmuchaspossible.For example,a512 512reso-
lution imagewith 100secondaryaysperpixel would requiremore
than25 million queriesgachof which would have roughly 15-100
shaderoperations. Massie parallelism(e.g.,[7]) is an essential
way to improving the throughpuiof queries.Wald etal. [22] shav
how the photonmapcanbe organizedto optimizethe costof per
formingeachk nearesheighbomquery MaandMcCool[9] propose
anapproximatenearesheighbortechniquehathaslower overhead
thanthetraditionalk-nearesheighborsearch Havranetal. [4] de-
scribereverse photonmapping which usessample-pointdensity
estimationto achieve algorithmicbene ts comparedo traditional
photonmapping.In reversephotonmapping,insteadof eachcam-
erapoint searchingthrougha photonmap, eachphotonsearches
througha databasef camergoints.

To our knowledge, our work is the rst implementationto
demonstratehe possibility of SIMD pacletsfor photonmapping
queriesandno prior work hasexplicitly describedhe asymptotic
bandwidthscalability of photon mapping. With this bandwidth
analysiswe reacha different conclusionthan the analysisfound
in Havranetal. [4], becauseheir work focuseson fastproduction-
quality renderinginsteadof interactive performanceln aninterac-
tive setting,preprocessinguchasreorderingandbuilding aphoton
mapmustalsobeincludedin theanalysis.Unlike Guintheretal. [3],
we usephotonmappingfor generalglobalillumination insteadof
caustics. Finally, unlike someotherworks that approximatethe
algorithmor sacri ce scalabilityfor betterperformanceour work
retainghemathematicatoundnesgSection3) andscalability(Sec-
tion 4) of traditionalphotonmapping.

3 DENSITY ESTIMATORS FOR PHOTON MAPPING

Eachqueryto the photonmapcomputesheradiancealongagiven
ray by usingthelocationandcolor of nearbyphotons.Thisis done
by estimatingthedensityof photons andthis estimatecanbe com-
putedusingtechniquesravn from densityestimationliteraturein
statistics. Herewe brie y recall the estimationtechniqueusedin
traditionalphotonmapping aswell asthetechniquausedin reverse
photonmappingandour work.

Traditional photonmapping[6] usesa k-nearesneighboresti-
mator[13, 19]. Photonsareorganizedinto a KD-treeto make them
efcient to search. Using thesephotonsandthe radiusr thaten-
closesthesephotons,the radiancealong eachcameraray can be
computedThis k-nearesheighborestimatorcanbe expresseds:
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where,L is theradiancewe wantto estimateK is a kernelfunction
centeredaroundeachphoton. The kernelis scaledby the photon
power DF; andthe BRDF re ectance f, andr is the radiusof a
spherehatenclosesll k photons. As mentionedabove, in orderto
efciently performa k-nearesneighborsearcha heapor priority
queuedatastructureis neededo keeptrackof the closestphotons.
Also, the radianceestimatemustwait for all k photonsto be col-
lectedbeforer canbe computed.

We usea sample-poinestimator{19], which canbewritten as:
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whereh(x) is the kernelwidth, derived from aniinitial coarsees-
timate of photondensity As before,a kernel function centered
aroundeachphotonis appliedto the estimateeachcamerapoint.



However, insteadof searchingor a x ed numberof photons this
timeall n photonswhosekernelwidth h(x;) overlapghequerypoint
areusedfor shading.

Eachphotoncanhave a potentially differentkernelwidth, but
for this work we usedthe samekernelwidth for all photons.Pre-
vious works [4, 14] demonstratevariable kernel widths, and our
initial experimentssuggesthatit canbe donewith relatively lit-
tle overheadcomparedo x edkernelwidths. For the purposesf
this paper x ed-widthkernelsresultin the samesubjectve image
quality. Variablekernelwidths are more accuratein dark regions
of a scenewherephotonsaresparserandit will be appropriateo
addressn futurework.

In thesample-poinestimatoin Equation2, therearenoparame-
tersoutsidethesummationThis meansachportionof thesumcan
becomputedndependenthanddirectlyaddedo the nal image.A
photoncanbeusedfor shadingmmediatelywhenit is found,with-
out having to wait for k otherphotons.Evenif animplementation
still maintainsaqueueof photongo shadetheordernolongermat-
tersbecausat is not a k-nearesheighborsearchandthusa heap
or priority queueis not needed.This is the key changethatallows
SIMD parallelismto be usedeffectively.

4 ASYMPTOTIC BANDWIDTH BEHAVIOR

Becausewe are using sample-poinestimation,originally usedin

reversephotonmapping,an interestingquestionariseswhetherit

is betterto useforward or reversephotonmappingfor interactve
performance. In this sectionwe addresshis questionbasedon

the trend of multi-core parallelismwherebandwidthwill become
a limited resourceor eachcore. In the context of SIMD paclets,
we concludethatforward photonmappingis moreappropriatever
reversephotonmapping. We alsousethis analysisto motivatethe
useof partial reorderingwhich reduceshe implicit constantcost
of reordering.

4.1 Asymptotic algorithm comple xity

Letus rst brie y recallthealgorithmicanalysisof forwardandre-
versephotonmapping.In forward photonmapping,p photonsare
organizedinto a KD-tree,andfor all m camergpoints,a k-nearest-
neighborqueryis performed.n reversephotonmapping mcamera
pointsareorganizedinto a KD-tree,andfor all p photonsa x ed-
radius searchis performed,resultingin an averageof k photons
contributing to eachcamergpoint. Thus,the algorithmiccomplex-
ity is

O(plogp+ mlogp+ km); (3)
O(mlogm+ plogm+ km): 4)

Aforward =

Areverse =

Here,the rst termis the costof building the treefor searchthe
secondterm is the cost of performingall searchesand the third

termis thecostof actuallyshadingk photondor eachcamergoint.
Usuallythe numberof camergointsis far greatethanthenumber
of photons thatis, m  p. Thereforethe O(mlogm) andO(km)

termsdominatereversephotonmapping,while the O(mlog p) and
O(km), dominatein forward photonmapping.Thevalueof k typi-

cally variesfrom 35to 150, while logm canvary from 25-50—the
importantpoint beingthatin practiceO(mlogm) and O(km) have
roughly the samescalability This shows that algorithmic analy-
sis doesnot give us enoughinformationto compareforward and
reversephotonmapping.

4.2 Asymptotic bandwidth comple xity

An asymptoticbandwidth analysisis equally important, if not
moreimportant,to compareforward andreversephotonmapping.
With the growing trend of multi-core parallelism,computational
throughputis likely to continueincreasingexponentially while
bandwidthwill scalemuchmoreslowly. This meanghatary algo-
rithm thatis embarrassinglparallel,suchasphotonmapping will

beableto scaleuntil it becomedbandwidthlimited. To understand
thetrue scalabilityof photonmapping we mustunderstanégsymp-
totically hov muchmemorytrafc the photonmappingalgorithm

requires.

We de ne bandwidthcompleity to beanexpressiorthatis pro-
portionalto thenumberof O(1) memoryoperationsxeededo com-
pute an algorithm, whereeachmemoryoperationtransfersa con-
stantnumberof bits betweenprocessoicacheand main memory
By this de nition, bandwidthcompleity cannotbe largerthanal-
gorithmic compleity, becauseary larger costwould have to be
partof thealgorithmiccompleity in the rst place.Thebandwidth
compleity canbe lessthanthe algorithmic compleity, typically
in uenced by goodcachebehaior.

It turnsout that the bandwidthrequiredfor the searchportion
of photonmappingis very low, becausef the compact,ef cient
representationfor a KD-tree node. Most of thesenodesmay al-
ready be cached,and eachnodeis only 8 bytes. In [14], the
bandwidthrequiredfor the shadingportionis consistentljlessthan
5% of the total raw bandwidthcost. Even asymptotically look-
ing at Equations3 and4, the compl«ity of the searchO(mlog p)
andO(plogm), will not grow fasterthanthe shadingcompleity,
O(km). For thesereasonst is appropriateo eliminatesearchcom-
plexity from the bandwidthanalysisentirely

On the otherhand, the bandwidthrequiredto constructa KD-
treeis very high. To build onenodeof the KD-tree, all the points
containednsidethatnodemustbetraversedn orderto bin it to the
right or left child — this appliesto ary type of KD-tree. Thusthe
bandwidthcompleity is the sameasthe algorithmiccompleity —
O(plogp) for forward photonmappingandO(mlogm) for reverse
photonmapping. Nearthe bottomlayersof thetree,all the points
containedn agivennodecan t into cache.Simulationsfrom pre-
viouswork [14] shaw thatcachinga depth- rst KD-tree build can
reducethe bandwidthby abouthalf. Asymptotically however, the
requiredbandwidthwill outgrav the bene ts of cache,andsothe
costremainsO(nlogn) for n points.

Thebandwidthcostof shadecomputationganbecharacterized
in two differentways,dependingon the orderingof operations.If
consecutie operationsare mostly incoherentwe canassumehat
the bandwidthcost will be proportionalto the algorithmic cost,
O(km). In this casethetotal bandwidthcompleity is:

O(plogp+ km); ®)
O(mlogm+ km); (6)

B forward =

Brevese =

wherethelogarithmictermis the costof building the KD-tree,and
km is the costof shadingcomputations Becausep is usuallysev-
eral ordersof magnitudesmallerthanm, forward photonmapping
requiredessbandwidththanreversephotonmapping.

If consecutie operationsarecoherentjt is unclearexactly how
thekmtermis reduced We canestimateherequiredbandwidthas
O(km~q), whereq representshe cohereng betweenconsecutie
operationsThehigherthe coherencethelower thebandwidthcost
will be.

Onemajor approacho increasingcoherencas to explicitly re-
ordercomputation$4, 11, 16]. To ourknowledge thebestreorder
ing techniquegsequire O(nlogn) algorithmic and bandwidthcost
to reordem operations For example,Hilbert reordering.shavn to
be nearlyoptimal [16], canbe implementedasbuilding an octree
in O(nlogn) [1]. It is still anopenproblemto determineaf similar
optimal coherenceanbe achieed with lesscostly preprocessing,
but intuitively it seemghatO(nlogn) is the bestthatcanbe done,
since “optimal ordering” implies that all n operationshave been
properly sortedor organizedin a tree structure. Finally, notethat
reorderingmprovesonly thebandwidthcostof shadingbutit adds
anadditionaltermto bothalgorithmicandbandwidthanalysis.Ac-
countingfor the bene t andadditionalcostof optimal reordering,



we canapproximateahe bandwidthcompleity to be:

O(mlogm+ plogp+ km=q); (7)
O(plog p+ mlogm+ kmq): (8)

0 —
B forward ~

0
B reverse

Interestinglyin this caseforwardandreversephotonmappinghave
the samebandwidthcost. However, now both methodshave the
extremelycostly O(mlogm) term.

4.3 Our approach

Onedetailthatdistinguishe€quations7 and8 is the useof SIMD
parallelism.SIMD parallelismis only bene cial whenthe four si-
multaneousjueriesarevery coherentlf they arenotcoherentthen
theaveragenumberof active queriegperSIMD operatiordecreases,
resultingin very little gain comparedo a non-SIMD implemen-
tation. Photonsare generallysparserand more evenly distributed
thancamergpoints,andthus,evenwith reorderinga SIMD paclet
of photonswould belessef cient thana packet of camergpoints.

Also, thebandwidthcostof reorderingcanbereducedria partial
reordering With effective reordering photonmappingcanbecome
compute-limitedinsteadof bandwidthlimited. Therefore,there
comesa pointwherereorderingcomputationgurthernolongerim-
provesperformanceigni cantly. For thisreasonwe employ apar
tial Hilbert reorderingschemethat reordersqueriesto the photon
map just enoughthat the bestperformances achieved, but with-
out wastingcomputatioron furtherreordering.Sincem  p, par
tial reorderingbene ts forward photonmappingmorethanreverse
photonmapping.Our speci ¢ implementatiorof reorderingis de-
scribedin Section6.2.

In summary our bandwidthanalysisrevealsseveral pointsthat
atraditionalalgorithmicanalysisdoesnot shaw. First, theimplicit
constantostassociateavith searchis very small,andthusthecost
of searchindor shadeoperationss negligible. Secondye seethat
reorderingandbuilding aKD-treearethebottleneck$owardsbetter
scalability becaus®f the high bandwidthrequirement.Third, our
bandwidthanalysisshavs that forward and reversephoton map-
ping have effectively the samebandwidthscalability and so our
approachs to favor forward photonmappingbecausét canbene t
greaterfrom SIMD andpartialreorderingechniques.

5 SIMD PHOTON MAPPING FRAMEWORK

In Section3 we describedthe sample-poinestimatorthat allows
SIMD parallelism,andthenin the previoussectionwe 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 differencedn datalayout. We

useup to four threadswhich allows ef cient executionon multi-

coreprocessorsOn a 2.66 GHz Core 2 Duo, this foundationcan
traceup to 20 million rayspersecondon trivial scenes10 million

rays per secondon moderatelycomplex scenedncluding texture
mapping, BRDF evaluation, and direct lighting, and 2-8 million

rays per secondwith secondaryraysthat gatherindirect lighting.

While it is possibleto improve performancesven further on state
of the art processorssuchwork is beyondthe scopeof this paper
andthis performancegives ampletime for photonmap queriesto

becomputed.

Our speci ¢ implementationof nal gatheringis describedas
follows. Primaryraysaretracedfrom the camerainto the scene,
andmary secondaryaysare spavnedfrom the intersectionpoint
of eachprimaryray. Throughouthe paperthemetric“samplesper
pixel” is equalto the numberof secondaryrays per primary ray,
becauseve useonly one primary ray per pixel. The intersection

point found for eachsecondaryay becomesa photonmapquery
wherewe estimateradiancealongthe secondaryay.

We useonly singleraysto tracephotonsn orderto avoid altering
thedistribution of photons.Thenumberof photonds smallenough
thattracingsingleraysis still veryfast.Also, in practice we found
thatthe O(plogp) costof building a KD-tree photonmapis fast
enoughfor interactve performancevhenp, thenumberof photons,
is approximatelyp00,000or less.Thisis enougtphotongo capture
indirectlighting effectively for mostscenes.Note thatthis is why
reversephotonmappingthoughvery ef cient for of ine rendering,
cannotbe usedinteractiely: every framewould requirebuilding a
KD-tree of millions of camera-pointsFinally, our photontracing
andKD-treebuild do not exploit multiple threadshut parallelizing
thesetwo phase®f computationis straightforvardandshouldgive
the expectedspeedups.

5.2 Data layout

Our datastructuresaandlayoutareasfollows. Photonsarestoredin
two separatédists, onefor the“hot” datathatis accessefrequently
andonefor the“cold” datathatis only accesseavhenthe photon
contritutesits informationto a camergpoint:

/I 16 bytes

struct  PointSample  {
Point p; /I X%, vy, z
void = coldData;

j#

location

/I 24 bytes

struct  PhotonData {
Vector incomingDirection;
Color power; /I red,

I

The photonmapis a KD-tree, storedasanarrayof KDNode struc-
tures. Thelayoutis similar to the structuredescribedy Pharrand
Humphreys [10].

green, blue

/I 8 bytes

struct  KDNode {

union  {
float splitPlane;
unsigned int axis; //
b

in childrenindex;

h8

KDNode photonKDTree[NUM_PHOTONS];

2 hits

In this tree,onephotonis placedwith eachKD-tree node,andthe
split planeof the nodeis choserspeci cally sothatthe photonlies
on the split plane. Becauseof this, we mustusean index instead
of a pointerfor the children,andin turn we mustplacethe 2-bit
axis eitherin the upperbits of the index or in the lower bits of
the oating-point mantisseof splitPlane . Puttingthis ag in
the upperbits of a numberrequiresusingconditionalbranchingor
costlyshift operationsthereforefor thisimplementatiorwe placed
thebitsin the oating-point mantissaThelossof accurag because
of thisis negligible in our experience.

Originally we tried to adaptthe sliding-midpointKD-tree that
is effective for reversephotonmapping[4]. However, this data
structurestoresup to 30 pointsperleaf node,andno pointsin in-
nernodes.This approachworks well for reversephotonmapping,
wherea photonmay contritute to several hundredcamerapoints,
andthirty camerapointsin oneleaf areall likely to be used. For
forward photonmapping,howvever, whereeachcamerapoint typi-
cally usedewerthan100photonsthis datastructureresultedn too
mary wastefulshadeoperationsvherethephotonwastoofarfrom
the camergpoint, resultingin no contritution. We alsotried reduc-
ing thenumberof pointsperleafnodefor thesliding-midpointKD-
tree,but thisresultedn a prohibitively largetree.By usingthetree



wherephotonslay on the split planeswe wereableto avoid most
of the unnecessarghaderoperationsand placeknovn boundson
thesizeof thetree—atmosttheKD-treewill havethesamenumber
of nodesastherearephotons.

ToimplementSIMD photongatheringwe uselntel SSEinstruc-
tions. The rst pieceof datais four pointsthat were found from
tracinga paclet of rays,andthe secondpieceof datais theincident
directions.

struct  SSEPoint {
_ . m128 x;
_ mil28 vy;
_ ml27 z;

} queryPoint;

struct  SSEVector {
_m128 dx;
_mi128 dy;
_mi128 dz;

} incomingDirection;

Here, _m128 holdsfour oating-point valuesthat are processed
in parallelwith SIMD instructions. Thesetwo datastructuresal-
readyoccurin the paclet ray tracerasthe origin anddirection of
aray. For photonmapping,queryPoint  representfour cam-
era points where photonillumination needsto be computed,and
incomingDirection representsheincidentdirectionon each
point, usedfor shading.

5.3 SIMD traversal

After a paclet of secondaryrays has beentraced,the resulting
pointsof intersectiorarequerypointswheretheilluminationinfor-
mation of photonsis computedusing the sample-pointestimator
This canbedoneby usinga x ed-radiussearctthroughthe photon
map. Two piecesof informationare passedn from the paclet of
raysto the SIMD photongatheringcode. The rst pieceof datais
abit maskindicatingwhich raysof a paclet did intersectarnything,
andwhich rays of the paclet shouldbe omitted from the photon
query The secondpieceof datais the intersectionpoints of the
pacletof rays.

Our SIMD traversalis similar to the SIMD ray tracingtraversal
shavn by Wald [20], but the detailsare differentbecauseve are
traversingpointsinsteadof rays. The pseudocodés asfollows and
explainedbelow:

float  searchRadius

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

while ( stack.notEmpty())

if(IS_LEAF(currentNode)) {
ShadeCurrentNode(...);
}
else {
/I 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 pseudocodenaskLeft andmaskRight are4-bit masks
indicating which of four query points shouldremainactive when
searchinghroughtheleft or right children. A querypointremains
active if its searchradiusoverlapsthe child node. If ary one of

the four simultaneougjueriesis active in both children, thatis, if

(maskLeft & maskRight) is non-zero,thenthat meansthe
query radius overlapsthe splitting plane. In this condition, the
photonassociatedvith the currentnodeis usedfor shading,be-
causehe photonlies onthesplit planeof thecurrentnode.Finally,

ShadeCurrentNode useghephotonassociate@vith thecurrent
KD-tree nodeto computea portion of the summationdescribed
in Equation2. This function performsa more accuratedistance
checkto male surethe photonactuallycontritutesto the appropri-
atequerypoints.

6 COHERENT ORDERING
6.1 Ray coherence

It is alreadygiven that paclets of primary rays, tracedfrom the
cameraview, will behighly coherentHowever, secondaryaysare
lessspatiallycoherentandsoit is achallengeo handlehow mem-
ory is accessethroughouthe photonmappingalgorithm. Givena
point wherea primary ray intersectedthis point becomeghe ori-
gin for pacletsof secondaryays. To generatalirectionalvectors
for thesesecondaryays, we usea strati ed sampler A strati ed
samplerdividesthe samplespaceinto a regular grid of cells, and
choosesa x ednumberof sampledor eachcell. Thisis amethod
of uniform sampling,sofor importancesampling this grid of cells
is then mappedto the appropriatedesireddistribution. Strati ed
samplinghasthe nice propertythatasthe numberof strati ed cells
increasesthe size of eachcell decreasesandthereforecohereng
of sampleswithin a singlecell andin nearbycells alsoimproves.
We placefour randomsampledn eachstrati ed cell, sothatthese
four sampleswill createrayswith similar directionsandthe same
origin.

We alsointerleare computationsper threadby having threads
processvery otherpixel (or every fourth pixel, in the caseof four
threads) Simply giving eachthreada differenttile of theimagewas
clearly incoherent,becausdour threadsbegan to performworse
than two threadson a dual core processar By interleaving the
computationseventhoughwe do notenforceary synchronization,
four threadswvereableto scaleperformanceslightly better Our ap-
proachto ray coherencavorks well enoughto shav performance
increasausing SIMD paclets, but in future work a betterordering
techniques necessarfor higherperformance.

6.2 Photon coherence

For eachsecondaryay, insteadof immediatelyperformingthepho-
tonquery we storethepointswheresecondaryaysintersecsothat
all thequeriescanbereorderedandperformedaftertracingall rays.
Thisapproacheducesachehrashingoetweerthescenegeometry
dataduringray tracingandthe photondataduringshading.During
reorderingandshadingthequerypointscanbestreamedn andout
of cachepredictablyandthereforewith lesslateng overhead.

To reorderthe query points, we use Hilbert reordering,which
hasbeenshavn to be highly effective for reorderingphotonmap
queries[16]. Figure2 depictsthe analogybetweena 2-D Hilbert
curve anda quadtree.The Hilbert curve traversesall nodesof the
quadtredn a speci c order As the Hilbert curve andquadtreeare
recursvely expandedihe coarseorderingdeterminedby previous
recursve stepsdoesnot change. In nitely recursing,the Hilbert
cune lls theentirespacewhile thenodesof the quadtreébecome
in nitesimally small. In this way the spacelling curweis exactly
thesameasaquadtreavith speci c orderingof its nodes.Thesame
analogyholdsbetweera 3-D Hilbert curve andanoctree.

Basedbnthisproperty querypointscanbesortedalongaHilbert
cune simply by organizingthe pointsinto an octree 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 ¢ orderingof nodes. The orderingof nodesis deter
minedby the paththatthe Hilbert curve takes,whichis given pro-
cedurallyby a Lindenmayesystent+ a systemof rulesthatde ne
how the curve recursiely subdvides. In our casewe storethe L-

systemasa straightforvard, compactiook-up tablethat describes

the orderingof child nodesgiven the orderingand orientationof
the parentnode.This allows usto sortpointsalonga Hilbert curve
for essentialljthe samecostasbuilding anoctree, O(nlogn).

Partial reordering. In Section4.3we motivatedthe useof par
tial reordering.Becausea Hilbert curve is de ned recursvely, we
canimplementpartial reorderingby simply stoppingrecursionbe-
fore pointsarefully sorted.Partial reorderingallows usto achieve
the“sweetspot” wherephotonmappingbecomegompute-limited,
where further improving the cachebehaior with reorderingno
longerimproves performance.Another“sweetspot” to explore is
to optimize the sum of time spentreorderingandtime spentper
forming queries. In the caseof using SIMD paclets, the second
sweetspotis moreimportantandrequiresa ner granularityof re-
orderingto make coherenpaclets. In this work, we stoprecursion
whenthereare 16 or fewer points being recursvely sorted. This
value was found by manualtrial and error, and determiningthis
valueautomaticallyis left asfuturework.

7 RESULTS

Generaberformanceanbeseenn Table2, Table3, andFigure4.
In the rest of this section,we discussspeci ¢ aspectf perfor
mancen moredetail.

Effectivenessof SIMD. To measurdhe effectivenesf SIMD
parallelism,we looked at the averagenumberof active shaderp-
erationstaking placeduring the function ShadeCurrentNode
Sincethereareat mostfour paralleloperationsn SSEinstructions
andatleastoneactive queryif thefunctionis usedatall, thismetric
canrangefrom 1.0in worstcaseto 4.0in bestcase.Tablel shovs
thatSIMD canbeeffectively usedfor photonmapqueriesbut only
whencombinedwith reorderingwhich improvesthe coherencef
photonqueries.We alsofoundthat moretotal samplegreordered)
andalargersearchradiusfor eachquerypointimprove this metric.

ComparisorbetweerSIMD andnon-SIMDis shavn in Table3.
Performancémprovessigni cantly, but notideally. Thisis because
our currentimplementationonly appliesSIMD to the searchand
doesnot parallelizethe shaderoperations sinceeachquery point
in a SIMD paclet may potentiallyhave a differentBRDF. In future
work we expectit will be straightforvardto addresghis by using
SIMD parallelismfor shadeoperationghatusethesameBRDFE

Multi-cor e scaling Scalabilityfor our rendereron the Sponza
Atrium andCornellBox scenesanbe seenin Table2. Thesere-
sultswere acquiredon a 2.66 GHz Intel Core 2 Duo with 4 MB
sharedcache exceptfor the lastentry runningfour threadswhich
wascapturedon a 2.66 GHz Intel quad-coreprocessowith 8 MB
cache.n bothscenesperformancescaledinearly with thenumber
of cores.Notethatthe compleity of photonmappingis mostlyin-
dependenbf scenegeometry Eventhoughthe CornellBox scene
hassimplegeometryour Cornell Box testusesa biggeraveragek
value,andthereforethe queriesto the photonmaptake moretime
despitethe simplicity of the scene. Also note that the resultsin

Without With

reordering reordering
CornellBox
Directvisualization 3.18 N/A
16 samplegerpixel 1.07 2.84
64 samplegerpixel 1.16 3.32
100sampleserpixel 1.20 341
Sponza
Directvisualization 3.74 N/A
16 samplegerpixel 1.41 3.83
64 samplegerpixel 1.72 3.92
100samplegerpixel 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
Samplegerpixel 576 576
Averagek 45 60
SIMD ray tracingonly 104s 65s
1core 235s 276s
2 cores 118s 146s
4 cores 61s 80s
Shadetoperations
persecondpercore  10million 11 million

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.

Table 2 do not usereordering. With reordering,the cohereng of
querypointsis independentf the coherencef secondaryaysthat
generatedhesequeriessuchresultscanbe seenin Table3.
Interacti ve performance. Imagesof aninteractve sessiorcan
beseernin Figure4, averagingaboutl10-11framespersecondvhen
visualizingphotondirectly and1.14framespersecondvhenvisu-
alizing the photonmapindirectly with 16 samplegperpixel. These
imageswerecapturedusing4 threadson the 2.66 GHz Intel quad-
coreprocessarlt is possibleto interactizely move the cameraand
light sources.Tracing photons building the photonmapKD-tree,
tracingprimary andsecondaryays, reordering,and computing -
nal gatheringareall recomputedlynamicallyin every frame.
Bene ts of reordering. Table 1 and Table 3 both shov per
formancewith andwithout reordering.Performancémprovessig-
ni cantly with reordering,andit is clearly necessaryor effective
SIMD parallelism.We obseredtwo distinctbene tsof reordering.
The rst is improved cachebehaior, which canbe achieved by a
coarsepartial reordering. The secondis improved SIMD perfor
mancewhich bene tsmorefrom ner granularityreordering.This
distinctionmaybeinterestingto exploit for faster equallyeffective
reorderingtechniquesn future work. Both Table 1 and Table 3
re ect performanceausing partial reordering,describedabove, that
stopsrecursiorwhentherearel6 or fewerpointsin arecursve step.
Tracing photonsand building the photon map. Thetimetaken
to tracephotonsusingsinglerayswasreasonableableto traceup
to 500,000photonsin lessthanhalf a second It would be straight-



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

#ofrays H.R. H.R. H.R. Timeto
Scene (millions) SIMD single SIMD reorder
Cornell 6.5M 95s 38s 3.1s 0.20s
Cornell 10M 143s 5.8s 4.6s 0.33s
Sponza 6.5M 19.9s 1232 93s 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.

forwardto tracephotonsin parallelwith multiple threadshut it is
not clearhow to tracecoherenfpacletsof photonswithout biasing
thedistribution of lighting information.

Building the photonmap KD-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 500,000photonsthe KD-tree typically takes
about1=3 of a secondto build. Beyond this, the KD-tree build
takes too long for interactve performance. Note that if we had
usedreversephotonmapping,the KD-tree would have beenbuilt
over the setof querypoints,andwe would have beenforcedto re-
build a KD-tree of millions of pointsevery frame,which would be
prohibitive for scalableperformance.

7.1 Discussion

Oneusefulmetricto measurghe performancef photonqueriesis
thenumberof shadeoperationgpersecondwhereeachshadeiop-
erationis the procesof computinga hphoton,camern-point pair's
contribution to a pixel. The reasorwe proposethis metricinstead
of the numberof queriesper seconds thatthe averagenumberof
photonsper query k, may vary dependingon several factors,and
so a direct comparisornof queries/se@crossdifferentworks may
notbeasinformative. Thecomputatiorrequiredfor oneshadeiop-
erationis moreconsistenandpredictable We typically achiereda
rateof 8-12million shadeoperationgpersecongercore,asshavn
in Table2 andFigurel onthe rst page.While this is enoughfor
interactize performanceywe estimatethat hundredsof millions of
shaderoperationgper secondwill be necessaryor real-timehigh
quality globalillumination.
Wefocusedndiffusesurfacedecaus¢hisrepresenttheworst-

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.

caseincoherendistribution of secondaryays,especiallywhenus-
ing fewer secondaryays per primary ray. Consequentlythe dis-
tribution of queriesto the photonmapis alsoroughly worst-case.
A glossymaterial, on the other hand,will have mary more rays
bouncingin a similar direction, resultingin bettercoherencefter
reordering.Our framawvork is capableof handlingglossymaterials
by usingthe appropriateBRDF function— f() in Equation2.

Concurringwith the bandwidthanalysiswe gave in Equation?,
the performanceof this framework is roughly proportionalto the
numberof shademperationsandthe bandwidthcostof tree-uild
andsearchareusuallyonly 10-30%of the entiretime spentrender
ing. Table2 shaws thatnearlyhalf the time for gatheringis spent
tracingrays,this is becaus@ur secondaryaysarenot ideally co-
herent. As mentionedbefore, this ray incoherences independent
of photoncoherencevhenusingreordering.

7.2 Future Work

Our implementationhas signi cant room for improvement. The
codethat performssamplingand material propertiesis basedon
the implementationin the pbrt software [10], which hasa virtual
interfaceto invoke a BRDF evaluation. This occursfour times
in the mostcritical part of the shadercomputationshecauseach
hphoton,camer-point canpotentiallyhave adifferentsurfacema-
terial to evaluatethe contrilkution. Furthermorewe did not try to
aggrestely optimize SIMD implementation.Fine-tuninga SIMD
implementationis a meticulousprocesshat often requiresbrute-
forcetrial anderror, but canmake a signi cant differencein perfor



mance.lt is very likely that carefuluseof the prefetchinstruction
and avoiding needlesslyunpackingandrepackingSIMD datacan
hidethelateng of severalhot spotsin ourimplementatiorthatare
currentlylimiting performance.

Theuseof sample-poinestimationfor photonmappingstill has
mary openquestionsFor mary 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
mary wastefulshadercomputations. The sample-pointestimator
will alsobeinterestingto examineon the GPU,becausét hasless
overheadthan the traditional k-nearesteighborestimationtech-
nigueandis conducve to massie parallelism.

Finally thereare mary techniqueghat could be combinedwith
SIMD photonmappingtowardsinteractize performancen the fu-
ture work. Theseinclude, but are not limited to, framelessren-
dering[2], temporalcoherencgl8], densitycontrol[17], GPUac-
celeration12], customhardwareacceleratiorf15], andintegration
with othereffective real-timeray tracingtechniquedgor globalillu-
mination[23].

8 CONCLUSION

We have presenteda framework that usesSIMD (single instruc-
tion, multiple data)parallelismto acceleratgghotonmapping.Un-
til now, it was unclearhow to effectively use SIMD extensions,
becausehek-nearesheighborsearchhaddatastructureoverheads
andbranchingogic thatis not appropriatdor SIMD. By applying
thesample-poinestimatoypreviously usedin reversephotonmap-
ping,we wereableto reducetheoverheadshatpreventedthe useof
SIMD instructions.At the sametime, the questionariseswhether
we shouldsimply apply SIMD instructionsto reversephotonmap-
ping, or if forward photonmappingis moreapplicableto real-time.
Sinceanalgorithmicanalysisvasnotenoughwe provideda novel
bandwidthanalysisto shav that forward photonmappingandre-
versephotonmappinghave thesamebandwidthscalability but that
forward photonmappinghasa slight advantagein the context of
SIMD parallelismand partial reordering. We demonstratedhese
contributionswith aframework thatcancomputemillions of shader
operationgpersecondyhichis enoughfor interactve performance
atlow resolutions.
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