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Figure 1: An image generated using adjoint photon tracing in a scenewith millions of instanced polygons, a heterogeneousmedium from
simulation data, and Rayleigh scattering for the sky. The Sun is the only source of light in the scene(i.e. there is no background radiance or

sky map) and usesa spectral radiance emission function.

ABSTRACT

The most straightforvard image synthesisalgorithm s to follow
photon-like particles from luminaires through the environment.
Theseparticlesscatteror are absorbedvhenthey interactwith a
surfaceor avolume.They contrituteto theimageif andwhenthey
strike a sensor Suchanalgorithmimplicitly solvesthelight trans-
port equation. Alternatively, adjoint photonscan be tracedfrom
the sensorto the luminairesto producethe sameimage. This “ad-
joint photon”tracingalgorithmis describedandits strengthsand
weaknessearediscussedaswell asdetailsneededo make adjoint
photontracingpractical.

Keywords: globalillumination, adjointMonte Carlomethods

1 INTRODUCTION

In this paperwe discusstracing adjoint photonsto createimages.
This methodof imagesynthesishassometheoreticalandpractical
adwantageover pathtracing[9]; it is simplerto motivatebecause
lessof the machineryof radiometryand Monte Carlo integration
areneededandlacking ray integrationandexplicit directlighting
it dealsbetterwith some*“dif cult” scenes.Our paperdevelops
someof the detailsof adjoint photontracing,anddiscussesvhere
it needdmprovement.

Our motivationfor this work is three-fold. First, we have found
thatfor predictive engineeringpplicationge.g.accuratelysimulat-
ing a carheadlightmodeledasa glasscaseover a curved, specular

re ector in a fog bank), both the geometricand optical complex-
ity canoverwhelmmostrenderers.Secondascomple renderers
adoptlayersof tricks, approximationsandhacks boththeir design
elgganceandrobustnessuffer. Finally, we notethatin a world of
interactive ray tracing, a batchrenderercan sendtrillions of rays
in anovernightrun. Sucha budgetobviatesthe needfor mary ap-
proximationsin applicationghatbene t from higheraccurag. All
threeof thesemotivationsimply thatwe shouldexplore simpleal-
gorithmswith high generalityandstraightforvardimplementation.

The particularalgorithm we have choosenis to sendphotons
from the sensor(pixel) into the ervironmentand note how likely
thisis to hit thelight source.Thisis like pathtracingin thatit sends
rays from the sensorinto the environmentand lets them choose
randomdirections,but it hasthreeimportantdifferencedrom path
tracingall of which areadwantagesn complex scenesvherepre-
dictive resultsaredesired:

indirectanddirectlighting are not separatedgo thereareno
explicit shadav rays making luminaireswith re ectors not
ary moredif cult thandiffuselyemittingsurfaces;

all adjoint photonshave exactly one wavelengthratherthan

carrying a spectrum,so bidirectionalre ection distribution

functions (BRDFs) and phasefunctionsthat vary in shape
with wavelengthpresenno particulardif culties;

volumesare probabilisticallyeither hit or not hit by adjoint
photonssotheirtransparengis accountedor by thepercent-
ageof adjoint photonsthat hit ratherthan by accumulation
of opacityfor eachadjoint photon,resultingin a straightfor
wardimplementatiorwell-suitedto problemsrequiringmary
samplegerpixel.



Photons Adjoint Photons
sensor
plane
lens lens
[
J

function w)

Figure 2: The light emits spectral radiance e and the sensa@ weights
incident light with function w. Left: Photons are traced from the light
with cosine-weighted e(x; w;/ ;t) as the emitted radiance and only
recarded with w(x; w;/ ;t) when they hit the sensa. Right: Adjoint
photons are traced from the sensa@ with cosine-weighted w(x; w;/ ;t)
asthe emitted radiance and only recaorded with e(>; w;/ ;t) when they
hit the light. These processesboth result in the same accumulated
response with no need for conversion factors between units. In this
example, the adjoint photon caseis equivalent to using a planar light
source behind the lens and a spherical camera.

2 ADJOINT LIGHT TRANSPORT

While theself-adjointnatureof light transporthasbeenexploitedin
graphicdor overadecadg5, 13,18], it hasalongerhistoryin other
transporproblemsassuneyedin theexcellentarticlesby Arvo [1]
andChristenserj4]. However, a physicalimplication of this self-
adjointpropertyis notaswell known: theemissiorof alight source
andthe responsef a sensorcan be exchangedwithout changing
the throughputalonga path. This propertyhasbeenexploited in
graphicsfor the rst time in dual photagraphy[16] but alsomakes
thedesignof arenderingalgorithmstraightforvard.

This exchangeof sourceemissionandsensoresponseloesnot
justmeanthatsomekind of “importance”canbe emittedfrom the
light, but thata completeexchangecantake placewithoutary nor-
malization. Thatis, supposewe have a luminaire whoseemitted
spectralradianceis given by a function e(>; w; | ;t), wherex is a
3D location, w is the emitteddirection of light, | is wavelength
andt is time. Furthersupposave have a sensowhich respondgo
incidentspectrakadiancel with theintegral:

Z
R= w(xw;l ;t)L(x w;! ;t) cosgdAdwdl dt

whereR is theresponsef the sensormndw is the weightingfunc-
tion for thesensarNotethatR depend®nbothe andtheproperties
of theervironment.In atypical ervironment,e is non-zeroon ary
luminairesurfaceduring whatever time periodit is “on”. Thesen-
sorweightw is non-zeroon the sensorelement(e.g.a CCD pixel)
duringthetime the sensoiis active.

If we wereto make the sensoremit light with spectralradiance
w(x; w; | ;t) andmake theluminairea sensomwith weightingfunc-
tion e(; w; | ;t) theresultingresponseés:

z
Ra=  e@sw;l ;t)Lesw;l ;t) cosgdAdWdl dt:

The key propertythat reversibility impliesis that this responséas
exactly thesameastheoriginal case:

Ra= R

An immediatemplicationof thisis thatany renderingorogramcan

be“run in reverse”by emitting light from sensorsisingthe sensor
responsa@san emittedradiancedistribution, andsensinghatlight

at luminairesusing their radiancedistribution as sensitvity. This

requiresno additionalnormalizationor complicatedequationsWe

exploit thisin the next sectionusingphotontracing.

3 ADJOINT PHOTON TRACING

The simplestalgorithmis a brute-forcesimulationof photon-like
particlesas illustratedin the left of Figure 2. This differs from
the family of photon-tracingalgorithmsthat store photon-suréce
and photon-wlumeintersectiong7] in that nothingis loggedbut
interactionswith the sensorarray The tracingof photons(asop-
posedto how they are logged)is the sameas that of Walter et
al. [23] wherephotonshave individual wavelengthssowavelength-
dependenscatterings straightforvard. The algorithmto compute
thesensorespons& is:
R=
Q= e(xw;l ;t)cosgdAdwd/ dt
for eachof N photonsdo
choosea random (3 w; [ ;t)  e(x;w;! ;t) cosg=Q
while photon is not absabed do
nd point % hit by ray
R= R+ (Q=N)w(w;/ ;t)
H= reEwlw,l;t) cosqg®dA%dwWPd] dt
if random< H then
chooserandom w?
else
absab photon

r e wlw;l ;t)cosg®H

Herer istheBRDF eis theemittedspectraradianceasde nedin
thelastsection,andw is the sensoresponsdunctionasde nedin
thelastsection.Theline R= R+ Qw(x; w;/ ;t) hasno cosineterm
becausét is includedimplicitly by thechangen projectedareaof
the sensowhich varieslinearly with cosine.Note thatboth e and
w arede ned overall surfaceshut w is non-zeroonly onthesensor
andeis non-zeroonly ontheluminaires.Thusno photonsaregen-
eratedexceptatluminaires,andonly photonshitting asensomffect
thevalueof thesensowalueR. Theconstant$! andQ simplysene
asnormalizatiornfactorsto ensurethate andr arevalid probability
densityfunctions(pdfs). NotethatthevalueRis ascalarjustasfor
oneelementn atypical CCD cameraFor mary pixelsor multiple
colorsthereneedto be moresensorge.g.threefor eachpixel, one
red,onegreenandoneblue). In the caseof anopenervironment,
theray will alsoterminatewhenit leavestheenvironment.

Becausethe transportequationis self-adjoint[13, 18], or can
bemadeso[22], thephotontracingalgorithmcanberunin reverse
with “adjoint photons”asshavn in theleft of Figure2. Thusrevers-
ing the photontracing algorithm above involves just one change:
the function w should be exchangedwith the function e. Adjoint
photonsareemittedfrom sensoraisingw asthe emissionfunction
andare“sensed’by luminairesusing e asthe “sensor”weighting
function.

Operationally an adjoint photontracerbehaesidentically to a
traditionalphotontracer An implicationof thisis thatadjointpho-
ton tracing can be implementedby tricking a traditional photon
tracerto usew as a spectralemissionfunction and e asthe sen-
sor weighting function. We are using the fact that the physically
basedscatterings self-adjointto avoid explicitly usingthe under
lying adjointtransporiequationsThesameprinciplehasbeenused
for decadesn otherradiationtransporfproblemg[10]. We empha-
sizethatno normalizationis requiredwhenswappingthe emission
andsensotresponséunctions.



Figure 3: Using a mixture density. Left: Sampling the BRDF. Middle: Sampling the environment map. Right: Mixture density with weighting
coe cients 0.75 for the BRDF and 0.25 for the environment map. All images use 289 samplesper pixel and have the samerun times.

4 |MPORTANCE SAMPLING

Althoughadjointphotontracingis clean,it is verynoisyin thepres-
enceof smallbrightsourcege.g.theSun).Thiscanbeimprovedby
all thestandardechnique®f Monte Carloparticletranspor{2, 10].
The mostcritical of theseis importancesampling,whereinstead
of usingthe density pAw® = r (w; w9 cosg®H to choosethe di-
rection wP to scatterthe particle at a surface,we usesomeother
densityg(w9. Whenwe do this, somedirectionswill get “too
much” enegy andsomewill get“too little” anda correctionfactor
pAwd=q(wY is neededo appropriatelyscaletheenepgy. We usea
q(w9 designedo emphasizelirectionswe expectto bebright. The
algorithmproceedssfollows:
RA :F\D
Q= w@w;l ;t)cosgdAdwd/ dt
for eachof N adjoint photons do
choosea random (% w; [ ;t)  w(w; ! ;t) cosqg=Q
E= Q=N
while photon is not absabed do
nd surfacehit by ray
Ra=pRa+ EepCw; ! ;t)
H= reéwlw;l ;t) cosg®dAdwWPd! dt
if random < Hh then
choosea random direction w®
E = (1=h)Er 6wl w; ! ;t) cosg™=(Hg(w9)
else
absab photon

HereE is theenepy of theadjointphotonwhichis initialized to be
thetotal enegy divided by the numberof adjoint photons.Dueto
importancesamplingtheenegy is rescaledh is ausersetvariable
that controlsthe Russian-roulett®f photons[2] andcanbe setto
onefor simpleoperation. In practicewe usuallyuseh = 1 along
with amaximumphotondepth.

Thekey to improving theef ciency of our adjointphotontracer
is to choosea “good” densityfunction p. Most pathtracerschoose
to partition illumination into two separatentegrals corresponding
to “direct” and“indirect” lighting [17]. One problemwith sucha
separations thatit is not clearwherehigh dynamicrange(HDR)
ervironmentmapsor bright causticst into sucha partition. We
insteadonly sampledirectionswithouttheexplicit concepof direct
lighting.

In practicewe useaweightedaverageof simpleprobabilityden-
sity functions(pdfs). This averagingof densityfunctionsis a“mix-
turedensity”whereanew pdfis constructedy aweightedaverage
of N pdfs p; throughpy [10]. In practice,one p; is relatedto the
BRDF, onedescribedlirectionstowardluminaires,andoneis pro-
portionalto the backgrounduminance. Whenthe backgrounds
anHDR ervironmentmap,the p; relatedto the backgroundcanbe
sampledaccordingto intensityweightedsolid angle. Note thatwe

Figure 4: Top: Sampling using a mixture density averaging cosine
weighting and directions toward the light. Bottom: Sampling using
multiple importance sampling with the power heuristic. Both images
were computed in approximately the same amount of time. The
insets are magni cations of the pixels near the back left corner.



needto evaluatethe valuesof every p;j regardlessof which distri-
bution the sampleis takenfrom. This mattersfor caseswvherethe
pi have overlappingnon-zeraregions(e.g.samplingthe BRDF and
theenvironmentmap).

This mixture density architecturecan be extendedrecursvely.
Thedensityfor BRDFscanbe a mixture densityof a diffuseanda
speculaidobe. The densityfor arealights canweight nearbylights
moreheaily. A densityover known causticscould weightdirec-
tionsaccordingo anapproximatiorof subtendedolid angle.This
emphasizeghat any improvementin the weighting coefcients,
even throughapproximationswill be bene cial in improving ef-

ciency.

An example of the power of this mixture density importance
samplingtechniqueis shawvn in Figure3. Herewe usebruteforce
importancesamplingof the ervironmentmapandthe BRDFs, us-
ing modelsandBRDF datafrom Lawrenceetal. [12]. In additionto
dealingwith samplingproblems the directionalsamplingmethod
produceavery cleancodearchitecture.

While using mixture densitiesis robust, it helpslittle over tra-
ditional path tracing for simple scenes.Figure 4 (left) showvs an
imagewith depth6 anda mixture densitysamplingfunction that
is the averageof cosinedensityand a densitythat approximates
uniform samplingtoward the light, using 10,000pathsper pixel.
10,000pathsperpixel is approximateljtentimesthe pathsneeded
for the samelevel of corvergenceasfor a corventionalpathtracer
in our experience(and approximately ve timesthe total ray seg-
mentsbecaus@o explicit shadev raysareused).Soadjointphoton
tracingis notagoodchoicefor simplediffusescenesHowever, this
methodpaysoff in the presencef comple lights or participating
media.

In additionto changingthe densitywe cansplit adjointphotons
aslong asthe expectedweightsaddto one. This allows not only
traditional splitting [10], but alsoary of Veachs multiple impor
tancesampling(MIS) techniquedo beintegratedinto adjointpho-
ton tracing[21]. The big differenceis that a sample(andthusa
ray) is neededfor eachdensitycombinedwith MIS, producinga
branchingfactorabove one. This is shavn for the power heuristic
with exponent2 in theright of Figure4 for a similarruntimeto the
left gure (usingabouthalf asmary screersamplego make up for
the extra branching).As canbe seen|f thereis anadwantageover
the branchlesgaseit is slight. In practicewe usuallyavoid split-
ting for the sale of simplicity, but someMIS splitsearlyin theray
treedoesimprove corvergencefor somescenes.

For traditional pathtracersthat usedirectlighting, samplesare
generatedn the surface of a luminaire in orderto query prop-
ertiesof the light source. Many direct lighting computationsre-
quire a direction and distancefor a shadav ray aswell asan es-
timate of the emittedradiancefrom the light sourceif the point
is unoccluded17]. While choosinga point towardsa comple
re ector would be fairly straightforvard, it is not clear how one
would cleanlyestimatehe emittedradiancevhenthe*light” is un-
occluded.Our methodinsteadconsidersmportantdirectionssuch
asthosetowardslight sourcesor acomplex re ector (Figure5) and
avoidsdeterminingwhetheror not somethings occluded.

As anothersimple exampleof this distinction, considera glass
cover over alight source.For directlighting calculationstheglass
cover occludesthe light sourceand the computationproducesa
shadev. In a systemwithout directlighting, we will simply send
samplesowardsthe light sourcemore frequentlyandwould pro-
ducetheappropriatémage.

Figure 5: Top: A small sphericallight inside a metal parabolic re ec-

tor, where the sphereitself is sampled, along with a magni cation of
the front of the taller box. Bottom: The opening of the parabolic re-
ecto r is sampledinstead of the sphere. The samenumber of samples
are usedin each and the runtimes are approximately the same.
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Figure 6: Top ray: a traditional ray-march through a heterogeneous
medium, and at each step a shadow ray is also marched. Bottom

ray: an adjoint photon also steps through the medium (unless the

intersection can be done analytically) and if it hasan interaction with

the volume it generatesa new ray only at that point.

Figure 7: At one sample per pixel each pixel either hits the medium
completely or is all background.

5 PARTICIPATING MEDIA

Path tracershave traditionally handledparticipatingmediaby per
forming shadingat mary pointsalongeachray which in turn gen-
eratesmary visibility rayseachof which requiresmary samples
in turn as shown for the top ray in Figure 6. For eachof the n
stepsalongtheray, an estimateof the radiancereachingthat point
is computedby scatteringaccordingto a phasefunction, sampling
light sourceor somecombinationof the two resultingin anO(n?)
algorithm(eachstepgenerate®©(n) stepsor theradiancesstimate
andthereare O(n) steps). This is just for the single scattering.
The multiple scatterings doneseparately However, adjointpho-
tontracersoperateasshavn for thebottomrayin Figure6 andonly
O(n) stepsareneeded.

The O(n) approactarisesnaturallyin our framevork. We treat
theparticipatingmediumasa probabilisticscatterer/absorbeather
thanasan attenuatingoody An adjoint photontraveling through
the mediumwill either“hit” a particle and causeits shaderto be
executedor it will passthroughthe mediumunafected.Although
this resultsin morerandomnes$or a givenray, it allows usto im-
plementa volumetraversalusingan O(n) algorithmwith the same
interfaceasa surfaceintersection.

Not surprisingly the O(n) approachalso arisesnaturally for
traditional photon tracers[8] as well as for bidirectional meth-
ods[11, 14]. Our approachis almostidenticalto the rst pass
of photonmapping,althoughour single-wavelengthimplementa-

Figure 8: Top: Traditional ray marching, 4 samples/pixel. Bottom:
New probabilistic intersection, 400 samples/pixel. These images are
computed in approximately the sametime.

tion hasimportantsimplicity andef ciency advantagegor volumes
suchasair that absorbor scatterdifferentwavelengthswith very
differentprobabilitieswithoutaddinglarge correctionweights.Un-
like the second(visualization)passof photonmapping,we never
encagein traditionalO(n?) single-scatteringomputation.

Figure7 shavs adjointphotontracingwith onesampleperpixel
and a ray depthof one, with g(w9 samplingonly the luminaire
(usuallywe run it with a mixture densityde ned over the hemi-
spherebut for this examplewe hardcodehe densityfor the single
scatteringcasefor the purposeof comparison). This effectively
doesdirectlighting within our framework andit demonstratethe
probabilisticnatureof our intersectiorroutine: adjoint photonsei-
ther hit the volume or passthroughit completely Figure8 com-
paregaymarchingwith our probabilisticintersectiormethod.Note
that for 4 samplesper pixel, ray marchinghasmostly corverged
exceptfor the shadaov, which hasvariancebecausets samplesare
distributed acrossthe light source. Our volume shadingmethod
runsin lineartime, comparedo the quadratidime requiredfor tra-
ditional ray marching.This increasen ef ciency allows usto uti-
lize moresampleger pixel with similar computationatime. This
highersamplingdensityleadsto lower variancein otherportionsof
thescenesuchasshadavs.

Theprobabilityof anadjointphotonscatterings allowedto vary
with wavelength.For example,in Rayleighscatterindight is scat-
teredinverselyproportionalto | 4. This causeslue light (shorter
wavelength)to be preferentiallyscatteredvhen comparedto red
light (longer wavelength). With a single wavelengthper adjoint
photon,implementingRayleigh scatteringis straightforvard (see
Figure9).Subsurdcescatterings alsostraightforvardto modelas
amediuminsideadielectricboundary An exampleof thisis shavn
in Figure10.



Figure 9: A sky at three di erent times of day done with a participat-
ing media and a sun. The background is black and all color comes
from Rayleigh Scattering within the sky participating medium.

Figure 10: Subsurface scattering done automatically: the object is
modeled as a polygonal meshthat hasa participating medium inside
it.

6 |IMPLEMENTATION

Weimplementedhdjointphotontracingin ourrenderingramenork

galileo usingC++ andmary of its detailsarethe sameasary ray

tracer For eachpixel samplewe generatenadjointphotonwith a

randomwavelength time, lensposition,etc. Insteadof importance
samplingthesensoresponséunction,we simply chooseourwave-

lengthuniformly in thevisible spectrumIf oursensoresponséad
signi cant variationwith respecto wavelength(e.g.a greenCCD

pixel thatmostlyrespondso greerwavelengthonly) thiswould be

fairly inef cient. For theimagesin this paper however, we simply

usethe standardXYZ responseurves. When an adjoint photon
hits a sensorelement,we incrementthree quantitiesRx, Ry, and
Rz, sothe samephotonsare usedin parallelfor all three sensor
computationdgor all of the pixels.

Our galileo renderersupportsa “Surface” classthat hasa hit
routine. The probabilisticmediawe describedn this paperareim-
plementedasa subclasof Surfaceandare probabilisticallyhit or
not usinga mediaintersectiorseed(this is in additionto the stan-
dardseedsisedfor lensposition,motionblur time, etc). The“Sur-
faceShadertlassin galileo hasa “kernel” functionthatcomputes
eitheraBRDF multiplied by coq q) or aphasdunctionandscatter
ing albedodependingn whetherit is meantfor surfacesor media
respectiely. The SurfaceShadeclassalsosupportswo sampling
functions: “samplekernel“ and“pdfDirection”. This pair of func-
tionsprovidetheability to generatsamplesccordingo someden-
sity andreturnthe probability of generatinga samplefor ary arbi-
trary direction. This allows for implementingmportancesampling
of BRDFsand phasefunctionsandallows for the useof mixture
densitiesand multiple importancesampling. For veri cation pur
posesthe defaultimplementatiorfor samplekernelandpdfDirec-
tion representiniform domainsampling. This allows usto check
that our importancesamplingcorvergesto the sameresultasuni-
form samplingand may also be usedfor functionsthat cannotbe
analyticallysampledsuchasmeasurediata.

When shadingan intersectionpoint, we usea mixture density
that combineskernel sampling,luminaire sampling,ernvironment
sampling and uniform domain sampling (either hemispherefor
BRDFsor full spherefor phasefunctions)to determinea new di-
rectionalsample. We evaluatethe probability of generatingthis
directionfor eachof the densitiesn our mixture andcomputethe
full probability usingthe weightedaverage. We also evaluatethe
kernelvaluefor the choserdirectionregardlessof which sampling
methodgeneratedt; for example,if the chosendensityis over lu-
minairesthe kernelfunction muststill returnan answer(evenif it
is 0). We thenweightthe kernelvalueby the pdf andevaluatethe
spectralradianceof the new ray. This processcontinuesuntil we
reachthe backgroundr until amaxdepthis achieved.

Environmentsand luminaire emissionfunctions are described
using“LightShaders"which provide an“emittedRadiance™'sam-
pleDirection” and “pdfDirection” function. The emittedRadiance
function is the function e from beforeand behaes asit doesin
ary renderingframework, while sampleDirectiorandpdfDirection
behae similarly to the SurfaceShadefunctions(the major differ-
encebeingthattheluminaireshouldattempto chooseanimportant
directionrelative to the shadingpoint). Ef cient ervironmentmap
samplings achievedby usingaLambertcylindrical equal-aregro-
jection; this causesachpixel in the ervironmentmapto have the
samesolid angleallowing for simpleimportancesamplingof pixel
luminanceusinga summedareatable without the needfor a cor-
rectionfactor

A complex scenerenderedusingour approachs shavn in Fig-
ure 1. While adjoint photontracingis relatively slow for simple
scenesuchastheCornellbox, its meritsareevidentin dealingwith
photometricallycomplex scenesvhereits robustnessand lack of
simplifying assumptionsillow it to work without specialchanges.



7 DiscussiON

Adjoint photontracingis in somesensea rehashof neutrontrans-
portwork from the 1940sand1950s,andmost(andpossiblyall) of

the detailsof its implementatiorhave appearedn differentplaces
in the graphicsliterature. However, we have found that our im-

plementatiorasa whole seemguite differentandis simplerthan
arything we have seenin the graphicsliteratureor encounteredn

discussionawith other renderingresearchers.We now explicitly

addresseveralquestionsboutadjointphotontracing.

Isn't adjoint photon tracing just path tracing? It is simi-
lar but hasthreeimportantdifferencesFirstit abandonsraditional
direct lighting which fundamentallychangeshe architectureof a
pathtracer Secondit handlesmediadifferently by avoiding tra-
ditional ray marching. Finally, it avoids the more complex math
of Monte Carlointegrationandreplacest with Monte Carlosimu-
lation. Imagineteachingboth derivationsto a freshmancomputer
scienceclassandthatadvantages quickly apparent.

Is per-wavelength sampling ine cient?  An immediate
questionthatconcernedisis whetherassociatingndividual wave-
lengthsis the mainsourceof our variance.As in Walteretal. [23],
we have not found color noiseto be a signi cant problemasil-
lustratedby the testshavn in Figure11. Adding spectraleffects
suchasdispersionto sucha rendererrequiresno specialhandling
or complicatectode.

Why strive for code simplicity? While thetheoreticalprin-
ciplesof renderingarefairly well-understood6, 20], muchlessis
known abouthow to eld systemghat dealwith comple« scenes
undercomple illumination, with the mostwell-documenteaffort
beingpbrt [15]. Thepbrt systemis designedor e xibility andthe
resultingcompleity is managedising careful software engineer
ing. We insteadmalke all software designdecisionsby choosing
the simplestthing that could possiblywork, andintroducingcom-
plexity above thatonly whensimplersolutionshave beentried and
empiricallyshavn notto work.

Isn't that too many rays? Therewill alwaysbeanimpor
tantrole for batchrenderingin both engineeringandartistic appli-
cations.With advancesn CPUresourcesindray tracingef ciency
structuresapproximatelyonetrillion ray-scenéntersectionganbe
performedin anovernightrun. Thatis morethanenoughfor most
scenesFor themostchallengingscenesmorethanoneCPUcanbe
usedaspixel-basedechnique®asilyscaleto thousandef CPUs.

Is importance sampling e ective?  Importancesamplingis
only aseffective asits ability to not miss hugelyimportantpaths.
This is why bidirectionalmethodsareimportantfor somescenes.
However, this paperhasusedvery crudeimportancesamplingand
we think we have demonstratedhat adjoint photontracingis an
approachworth exploring, especiallyfor comple scenes. More
sophisticatedmportancesamplingsuch as samplingthe product
of theillumination eld andthe BRDF couldfurtherincreaseef -
cieny [3, 19).

Aren't adjoint photons really importons? Christenseias
categyorizedmary photon-like particlesthatmight be sentfrom the
sensoff4], but we really are switchingthe rolesof lights andsen-
sorsandsendingphotonswvithoutnormalization.Oncetheprinciple
adwcatedby dual photograph is acceptedno knowledgeof “im-
portance’is needed.

Figure 11: Sampling the Macbeth Color Checker Chart with one ran-
dom wavelength per ray (adjoint photon) under ambient illumination.
Convergenceis fairly rapid. Top: 4 samples/pixel. Middle: 16 sam-
ples/pixel. Bottom: 49 samples/pixel. All images are computed
using one wavelength per adjoint photon.



8 CONCLUSION

An adjointphotontracersendsadjoint photonsfrom the sensorel-

ementsinto the ervironmentand recordshits at luminaires. The
implementatiorof an adjoint photontraceris straightforvard, and
hastheimportantsoftwareengineeringene t of beingableto im-

plementparticipatingmediaasrandomizedsurfaces.Froma prac-
tical standpointhis is very importantbecausein our experience,
supportingmediatypically ugli es arenderingsystento the point

whereit is hardto maintainit, andin adjoint photontracingthe
compleity associatedvith mediais cleanly hidden. Importance
samplingcanbe usedto make adjoint photontracingpracticalfor

mary scenesincludingthosewith spectrakffectsandcomple par

ticipatingmedia.At ahighlevel, anadjointphotontracingprogram
operatesnuchlike aKajiya-stylepathtracer However, in its details
it hasseveraladwantagesandis basedn a moreintuitive formula-
tion wherethe detailsof Monte Carlointegrationarehiddenin the
importancesamplingrates.
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