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Three models of visual cue combination were simulated: a weak fu-
sion model, a modified weak model, and a strong model. Their relative
strengthsandweaknessesareevaluatedonthebasisof their performances
on the tasksof judging thedepthandshapeof anellipse.Themodelsdif-
fer in theamountof interaction that theypermit amongthecuesof stereo,
motion, and vergenceangle.Resultssuggestthat the constrainednonlin-
ear interaction of the modified weak model allows better performance
than either the linear interaction of the weakmodelor the unconstrained
nonlinear interaction of the strong model. Further examination of the
modified weak model revealedthat its weighting of motion and stereo
cueswas dependenton the task, the viewing distance,and, to a lesser
degree,the noisemodel.Although the dependenciesweresensiblefrom
a computational viewpoint, they were sometimesinconsistentwith psy-
chophysicalexperimentaldata. In asecondsetof experiments,the modi-
fied weakmodelwasgivencontradictory motion and stereoinformation.
One cuewas informative in the sensethat it indicated an ellipse,while
the other cueindicated a flat surface.The modified weak model rapidly
reweighted its useof stereoand motion cuesasa function of eachcue’s
informativeness.Overall, the simulation results suggestthat relative to
the weak and strong models,the modified weak fusion model is a good
candidatemodel of the combination of motion, stereo,and vergencean-
gle cues,although the results also highlight areasin which this model
needsmodification or further elaboration.

1 Introduction

Recentyearshaveseena proliferationof newtheoreticalmodelsof visual
cuecombination,especiallyin thedomainof depthperception.This pro-
liferation is due partly to a poor understandingof existingmodelsand
partly to a lackof comparativestudiesrevealingtherelativestrengthsand
weaknessesof competingmodels.Thisarticlestudieshowmultiplevisual
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cuesmaybecombinedtoprovideinformationaboutthethree-dimensional
structureof theenvironment.

Depthcueinteractionshavebeenextensivelystudiedfromapsychophys-
ical and computationalperspective(e.g.,Rogers& Collett, 1989;Blake,
Bülthoff, & Sheinberg, 1993;Nawrot & Blake,1993;Tittle, Todd, Perotti,
& Norman,1995;Turner, Braunstein,& Anderson,1997).Variousmodels
havebeenproposedto characterizetheseinteractions(e.g.,Bruno& Cut-
ting,1988;Bülthoff & Mallot, 1988;Clark& Yuille, 1990;Landy, Maloney, &
Young,1991).Landy, Maloney, Johnston,andYoung(1995;seealsoClark
& Yuille, 1990)havedefinedthreeclassesof modelsfor combiningvisual
cuesfor depth.Strongfusionmodelsestimatedepthbycombiningtheinfor-
mationfromdifferentcuesin anunrestrictedmanner. Weakfusionmodels
computeaseparateestimateof depthbasedoneachdepthcueconsidered
in isolation.Theseestimatesarethenlinearlyaveragedtoyieldacomposite
estimateof depth.Thelinearcoefficientsthatweightthedifferentcuesare
proportionalto thecues’reliability.

Landyetal. (1995)proposedthataspectsof theinteractivepropertiesof
strongmodelsandthemodularpropertiesofweakmodelscanbecombined
in modifiedweakfusionmodels.Suchmodelsallow constrainednonlin-
earinteractions,suchascuepromotionandreweighting,betweendifferent
cues.Mostcuesareincapableofprovidingabsolutedepthinformationwhen
consideredin isolation;forexample,occlusionprovidesonlyorderinforma-
tion,andmotionparallaxprovidesonly shapeinformation.However, once
anumberof missingparametersarespecified,thesecuesbecomecapableof
providingabsolutedepthinformation.Cuepromotionis thedetermination
of thesemissingparametervaluesthroughtheuseof otherdepthcues.For
example,motionparallaxis anabsolutedepthcueif theviewing distance
is known.There are a numberof waysthat this missingparametercould
bespecified,suchasby meansof thevergenceangleor throughtheinter-
sectionof constraintsusingstereodisparitiesaswell asmotion parallax.
Accordingto Landyetal. (1995),thisnonlinearstage,in whichinformation
from different cuesis combinedto promoteany cueuntil it is capableof
providinganabsolutedepthmap,is followedby a linearstage,in whicha
weightedaverageis takenof thedepthestimatesof thedifferentcues.

Theresultsof somepsychophysicalexperimentssupportrelativelyweak
models,allowing little interactionbetweendifferent cuesfor depth.In-
creasesin the numberof depthcuesavailablein a stimulusdisplaylead
to increasesin theamountof depthperceivedandalsoto improvementin
theconsistencyandaccuracyof depthjudgments(Bruno& Cutting,1988;
Bülthoff & Mallot,1988;Dosher,Sperling,& Wurst,1986;Landyetal.,1991).
BrunoandCutting(1988),for example,variedin afactorialdesigntheavail-
ability of four depthcues(occlusion,relativesize,heightin thevisualfield,
andmotionperspective).Datafrom directandindirectscalingtaskswere
consistentwith observers’usinga nearlylinearadditiveprocedureanalo-
gousto aweakfusionmodel.



ModelingMotion,Stereo,andVergenceAngleCuesto VisualDepth 1299

It is clear, however, thatthevisualsystemis capableof usingmorecom-
plex rulesof cueintegrationthansimplelinearaveraging.Cuevetoing,a
nonlinearcombinationrulewherebydepthestimatesarebasedonthecuein
avisualscenerankedhighestin ahierarchicalordering,hasbeenobserved
with anumberof visualcues.In theAmesroomillusion, for example,per-
spectiveandothercuesappearto veto“familiar size”(i.e.,theadultsin the
far cornersof theroomare aboutequallytall). Turneret al. (1997)placed
motion parallaxand binoculardisparity in conflict with eachother in a
surfacedetectiontask,with onecuesignalinga surfaceandtheothercue
signalingpointsscatteredrandomlywithin a volume.Binoculardisparity
wasweightedfar more heavily, approachinga veto rule, thanmotion in-
formation,regardlessof whichcuewasinformativeaboutthesurfaceand
despitethetwo cuesbeingequallyreliablewhenusedin isolation.

Theresultsof otherexperimentssupportstrongfusionmodelswith non-
linearcombinationrulesmore powerful thansimplecuevetoing.Rogers
andCollett (1989)foundthatwhenbinoculardisparityandmotionparal-
lax areplacedin conflict in ashapejudgmenttask,observersjudgedshape
in accordancewith disparityinformation,asin theTurneret al. (1997)ex-
periment.However, fairly strong interactionbetweenmotion and stereo
wasimpliedby theperceptof nonrigidmotion.Nonrigidmotionwasalso
reportedby observersin theTurneret al. experimentsin trials where dis-
parityandmotioninformationwerein conflict.Ratherthansimplyvetoing
themotioncue,thedisparityinformationappearedto affect interpretation
of themotioncue.A numberof studiesexaminingtheinteractionbetween
stereoscopicdepthdisplaysandthekineticdeptheffect(KDE) alsoseemto
point toward a relativelystrongmodelof depthcuecombination(Nawrot
& Blake,1989,1991,1993).Retinaldisparitycanbeusedto disambiguate
depthrelationsin otherwiseambiguousKDE displays,andadaptationand
perceptualpriminghavebeenshownto transferbetweenstereoscopicand
kineticdepthdisplays.

In summary, thecurrentstateof the literature suggeststhat thedegree
of interactionbetweencuesmaydependonthecues,theexperimentalcon-
ditions,andthetask.Oneformidablepossibility is that thevisualsystem
usesa bagof tricks to calculatedepth,which would bedifficult to model
formally.However,mostdepthcuesbearanorderlyandlawful, albeitcom-
plicated,relationshipto three-dimensionalspace.Giventhat,it is likely that
humancuecombinationin depthperceptionis moreorderly thanimplied
by theexpression“bagof tricks” andshouldbeamenabletobeingmodeled
by someform of fully specifiednonlinearmodel.

Onedifficulty inevaluatingdifferentmodelsfordepthcuecombinationis
thatstrongandmodifiedweakmodelsarenonlinearandthereforedifficult
to analyzequantitatively. Computersimulationsare a particularlyuseful
way of examiningvisualcuecombinationwhenusedasa complementto
experimentalinvestigations.Theyallowcompetingmodelstobeevaluated
quickly undera variety of conditionsin a mannerthat permitsdetailed,
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quantitativecomparisonsamongdifferentmodels.Thesecomparisonscan
oftenrevealhiddenor underspecifiedpropertiesof qualitativelydescribed
theoreticalmodels.

Wepresenttheresultsof simulationsof threemodelsfor thecombination
of stereo, motion, and vergenceanglecuesfor depth.The modelswere
instancesof a strongfusionmodel,a weakfusionmodel,anda modified
weakfusionmodel.Investigatorswhoadvocateeachof thesethreeclasses
of modelshaveomittedimportantdetailsthatarenecessaryif thesemodels
areto bespecifiedfully andimplemented.Forexample,investigatorshave
failedto characterizethenoisethatcorruptsthevariousvisualsignalsthat
are usedasinputsto the models.Consequently, whenimplementingthe
models,wehavehadtosupplydetailsthatwerenotsuppliedbythetheorists
who originally proposedthe models.In all cases,we haveattemptedto
makesensibleandstraightforward choices,avoidingexotic,or at leastless
obvious,implementationsof thesemodels.

Thegoalof experiment1wasto comparetheperformancesof thethree
modelssoasto evaluatetheir relativeplausibility asmodelsof cuecom-
binationfor both objectdepthandobjectshapeperception.A variety of
noiseconditionssuchasflatnoiseandWebernoiseweresimulatedbecause
thenoisemodelwasexpectedto havea significanteffecton performance.
Thegoalof experiment2 wasto explore themodifiedweakfusionmodel
moreclosely. In thecaseof depthperception,animportantpartof goodcue
combinationis theability to learnwhichcuesareinformativeunderwhich
circumstancesandto weightthemaccordingly. Usinga pretrainedmodel,
we seteithermotionor stereoto alwaysindicatea flat surface,while the
othercuecontinuedto indicateanellipse.Thecueindicatinganellipsewas
informativein thesensethat thetrainingfeedbackwasalwayscorrelated
with thiscue;thecueindicatingaflatsurfacewasuninformative.Themod-
ified weakmodelsuccessfullylearnedto reweightmotionandstereocues
asa functionof their informativeness.Overall,thesimulationsreportedin
thisarticlesuggestthatthemodifiedweakfusionmodelisagoodmodelof
thecombinationofmotionandstereosignalsrelativetoweakandstrongfu-
sionmodels.However,theresultsalsohighlightareasin whichthemodified
weakfusionmodelneedsmodificationor furtherelaboration.

2 Stimulus

Thesimulatedstimuluswasatwo-dimensionalellipsewhosewidth varied
alongthe frontoparallelplaneandwhosedepthvariedalongthe line of
sight (seeFigure 1, panelA). Sixteendifferent ellipseswere presentedto
eachmodel;thewidth anddepthof eachellipsevariedindependentlyand
took valuesbetween12 and48 cm. Theellipsewaspositionedat oneof
eightviewing distancesfrom thesimulatedobserver, rangingbetween72
and408cm.(Detailsof thestimulusarein appendixA.)

We simulateda point travelingaround the perimeterof the ellipseat
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Figure1: (PanelA) Illustrationof thesimulatedstimulus.(PanelB) Illustration
of theobjectshapetaskandtheobjectdepthtask.

a constantvelocity, ratherlike a train travelingarounda track,insteadof
modelingtheellipseitself rotating.Thiswasadifferentstimulusfromthat
usedby Johnston,Cumming,and Landy (1994)in their psychophysical
experimentsand is a lessrealisticstimulusthan theirs,althoughit does
produceareliableimpressionof depthin humanobserverswhenextended
in height(Perotti, Todd,Lappin,& Phillips,1998;Jacobs& Fine,1998).This
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Figure2: (PanelA) Illustrationof thesimulatedstereosignal.(PanelB) Illustra-
tion of thesimulatedmotionsignal.

stimulushastheadvantagethat it avoidsartifactualdepthcuesresulting
fromchangesin retinalanglesubtendedby theellipseovertime.Foreach
of 20time slicesof thepoint travelingaroundtheperimeterof theellipse,
threesourcesof informationweregivento thesimulatedobservers:stereo
disparity, retinalmotion,andvergenceangle.

Stereoinformationconsistedof thestereodisparityanglesubtendedby
thepoint on theellipseat eachmomentin time (seeFigure 2, panelA). It
wasassumedthat thesimulatedobserveralwaysfixatedthecenterof the
ellipse.Let thevergenceangle� v betheanglebetweenthelinesconnecting
thefixationpointandthecentersof theleft andright retinas.Let theangle�

i betheanglebetweenthelinesconnectingthelocationof thepointonthe
ellipseattimestepi andtheimagesof thispointontheleft andright retinas.
Thestereodisparityat timestepi, denoted� i, isequalto � i ��� v.

Motion informationconsistedof the monocularretinal velocity of the
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point at eachmomentin time expressedin degreesof retinal angle(see
Figure 2, panelB). We assumeda cyclopeaneye.The retinal velocity at
time step i is the anglemi betweenthe lines connectingthe aperture of
the eyeand the locationsof the point on the ellipseat time stepsi � 1
andi. Thevelocityof thepoint travelingaroundtheellipsewasa function
of theperimeterof theellipse;thepoint traveledmore slowly for ellipses
with smallperimetersandmorequickly for ellipseswith largeperimeters.
By choosingthepoint’s velocity to bedependenton theperimeterof the
ellipse,weremovedartifactualdepthandshapecuesbasedon theoverall
magnitudesof theretinalvelocities,andalsopreventedknowledgeof the
retinal velocitiesfrom beingusedasa cuefrom which viewing distance
couldbeinferred.

Thevergenceangle(	 v) of an observerfixatedonthecenterof theellipse
wasthethird sourceof informationgivento thesimulatedobservers.This
anglewasdirectlyrelatedto theviewingdistance(D) throughtheequation


v � 2 tan� 1


I

2D ��� (2.1)

where I is the interoculardistance.We choseto usethevergenceangleas
oneof a numberof cuesthatobserversappearto useto estimateviewing
distance.Therearealargenumberofcuesforviewingdistance,andviewing
distanceestimatesappearto increaseandgrow moreaccurateasthenum-
berof cuesincreases.Bradshaw, Glennerster, andRogers(1996)foundthat
horizontaldisparitieswerescaledby anestimateof theegocentricviewing
distancethatwasapproximatelyanadditivefunctionof verticaldisparities
andvergenceangle.However, depthconstancywasfar from completein
their study, unlike thosedonewith more naturalisticviewing conditions
(Glennerster, Rogers,& Bradshaw, 1993;Durgin, Proffitt, Olsen,& Reinke,
1995),suggestingthatothercuesbesidesvergenceangleandverticaldis-
paritiesalsoprovideviewingdistanceinformation.

Threenoiseconditionswere examined:a Webernoisecondition,a flat
noisecondition,anda velocity-uncertaintynoisecondition.In theWeber
noisecondition,motion, stereo, and the vergenceanglewere corrupted
by additivegaussiannoisewhosedistributionhada meanof zero anda
standard deviationproportionalto thesignalmagnitude(i.e.,proportional
to thedisparityangle,theretinalmotion,andthevergenceangle).

In the flat noisecondition,motion andstereocueswere corruptedby
additivegaussiannoisewith meanzero andaconstantvariance,while the
vergenceanglewascorruptedby Webernoiseasin theWebernoisecondi-
tion.Onceagainmotionuncertaintywasmodeledasuncertaintyaboutthe
retinalvelocities.

An alternativeway to modelmotion noiseis asuncertaintyaboutthe
velocityof themovingpoint on theellipseratherthanuncertaintyaboutthe
retinal velocity. In the velocity-uncertaintycondition,noisein the motion
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cuewasmodeledasuncertaintyaboutthevelocityof themovingpointon
theellipse.In thisvelocity-uncertaintycondition,stereoandvergenceangle
signalswerecorruptedby noisewith thesamedistributionasin theWeber
condition,while themotionsignalswere corruptedby addingzero-mean
gaussiannoiseto thevelocitiesof thepoint travelingaroundtheellipse.

Webernoisewasaddedtothevergenceanglesignalinallnoiseconditions
becausea Webernoisemodel is a conservativeone,dueto the vergence
angle’sbeinginverselyrelatedto viewing distance.In addition,a fourth
conditionwasconsidered asa control. In this no-noisecontrol condition,
noisewasnot addedto anyof thecues.Thisconditionwasusedto check
thatit wasaddednoisethatlimited performanceof themodels.In all noise
models,motionandstereonoiselevelsweresetat valueschosento make
stereoaslightly morereliablecuefor judgingthedepthof anellipse.These
noiselevelsareconsistentwith psychophysicaldata(e.g.,Rogers& Graham,
1982).(Table1 in appendixA containsthe equationsusedfor the noise
models.)

3 Tasks

Thedepthof anellipseis thedistancefromthepointon theellipseclosest
to theobserverto thepointfarthestaway;its width is thedistancefromthe
left-mostpoint to theright-mostpoint (seeFigure1, panelB).Theshapeof
anellipseisdefinedastheratioof theellipse’sdepthto itswidth.Thisratio
is sometimesreferred to asthe form ratio. Cuesfrom which shapecanbe
calculatedindependentlyof absolutedepth,width,or viewingdistanceare
knownasscale-invariantcues. Cuesfromwhichshapecannotbecomputed
independentof suchinformationareknownasscale-dependentcues.

Motion is ascale-invariantcuebecausebothwidth anddepthscalelin-
earlywith viewingdistance(seeFigure3).Forexample,anobjectof 40cm
depthat a viewing distanceof 240cm producesthe sameretinalmotion
signalasan objectof 20 cm depthat half that viewing distance.Because
width from motion alsoscaleslinearly with viewing distance,shapecan
bedirectlycomputedwithout explicit knowledgeof theviewingdistance.
However, motion aloneprovidesonly a shapecue;without information
abouttheviewingdistance,or thesizeor velocityof theobject,there isno
wayof inferringobjectdepth.

In contrastto motion,stereois not a scale-invariantcue.Although the
width of anobjectindicatedby retinalstereodisparitiesscaleslinearly, the
depthof anobjectindicatedby agivenretinalsignalscaleswith thesquare
of the viewing distance(seeFigure 3). The samedisparity retinal signal
indicatesanobjectof 20cmdepthat a viewing distanceof approximately
172cmor anobjectof 40cmdepthataviewingdistanceof 240cm.Stereo
disparitiesarethereforescaledependent;thereisnowayof inferringshape
informationindependentof theviewingdistance.Althoughstereodispari-
tiesareoccasionallydescribedasabsolutedepthcues,it isnecessarytohave
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Figure 3: Scalingof motion andstereo retinal signalswith distancefrom the
observer.

anestimateof thevergenceangleor theviewing distanceto obtaineither
objectdepthor shapeinformationfrom stereo information.This needto
scaledisparitiesby theviewing distanceis referred to asthestereoscaling
problem.Aswouldbeexpectedfromthegeometry,bothJohnston(1991)and
Durgin etal. (1995)havefoundevidencethatdepthestimatesmediatedby
stereodisparitieswerescaledbytheviewingdistanceestimate.In addition,
Trotter,Celebrini,Stricanne,Thorpe,andImbert(1992)foundthatresponses
of V1 cellsweremodulatedby changesin theviewingdistance.

Differencesin thegeometricalinformationprovidedbythescale-invariant
cueof motionandthescale-dependentstereocuemotivatedusto examine
bothanobjectdepthtaskandanobjectshapetask.

4 Models of CueCombination

A seriesofnonlinearartificialneuralnetworkstrainedusingthebackpropa-
gationoptimizationalgorithmwereusedtosimulatethedifferentobservers.
Eachnetworkperformedaregression,possiblynonlinear, thatmappedin-
putsto outputs.In this study, anyreasonableregressionprocedure could
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beused.In contrastto researcherswho useneuralnetworksfor the pur-
posesof biologicalmodeling,oursimulationswereintendedasafunctional
studyof cuecombination.Neuralnetworkswereusedbecausetheyhavea
numberof convenientcomputationalproperties.Theyshowcomparatively
fast learningandgoodgeneralizationon a wide variety of tasks(Chau-
vin & Rumelhart,1995).Their theoretical foundationsare alsobecoming
increasinglybetterunderstood(e.g.,Chauvin& Rumelhart,1995;Smolen-
sky, Mozer, & Rumelhart,1996).In addition, they are efficient and easy
to implement.Their parametervaluescanbeestimatedusinga gradient-
descentprocedure in which the relevantderivativesare computedusing
animplementationof thechainruleknownasthebackpropagationalgorithm
(Rumelhart,Hinton, & Williams, 1986).Therecursivenature of this algo-
rithm makesneuralnetworksefficientto run on relativelylarge-scaletasks
andeasyto program.

Theinstancesof thestrongfusion,weakfusion,andmodifiedweakfu-
sionmodelsusedin our simulationsare illustratedin Figure 4. Eachbox
in the panelsrepresentsan independentnetwork,and the labeledlines
representtheflow of informationbetweenthenetworks.With oneexcep-
tion, notedbelow, thenetworkshavea genericform (aninput layer fully
connectedto a hiddenlayer, which is fully connectedto anoutputlayer;
thehiddenunitsof thenetworksusethe logistic activationfunction,and
theoutputunitsusea linearactivationfunction;thenetworksare trained
to minimizethesumof squared-error objectivefunction).Theinputsto the
networkswerelinearlyscaledtofall in theintervalbetween� 1and1(stereo
disparitiesandretinalvelocities)or between0 and1 (vergenceangle);the
desired outputswere scaledto fall in the intervalbetween0 and1. Each
networkof eachmodelwastrainedindependentlyfor 3000epochs,andthe
networksweretrainedin theirlogicalorder(e.g.,if theoutputof networkA
is aninput to networkB, thennetworkA wastrainedbeforeB).At theend
of training,networkperformanceshadreachedasymptote.In general,the
simulationsshowedvirtually nooverfitting,possiblyduetothefactthatthe
noisyinput signalspreventedthenetworksfrommemorizingthetraining
data.Thenumberof hiddenunitsandthelearning-rateparameterfor each
networkwereoptimizedundertheWebernoiseconditionin thesensethat
networkswith feweror morehiddenunitsor with adifferentlearningrate
showedequalor worsegeneralizationperformance.(Furtherdetailsof the
simulationsareprovidedin appendixA.)

Figure 4 (panelA) illustratesthestrongfusionmodel.Themodelcon-
sistedof two networks.Thefirst network(labeled“viewing distance”)re-
ceivedanestimateof thevergenceangle(� v) asinputandcalculatedanesti-
mateof viewingdistance(dv).Thesecondnetwork(labeled“unconstrained
interaction”)receivedasinputasetof20stereodisparities(� i � i � 1��������� 20),
asetof 20retinalvelocities(mi � i � 1��������� 20),andtheviewingdistancees-
timateproducedby theprecedingnetwork.Theoutputwasanestimateof
eitherthedepthor theshapeof theellipse.Becausethisnetworkcontained
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Figure4: Instancesof thestrongfusion,weakfusion,andmodifiedweakfusion
modelsusedin thesimulations.

hiddenunitsandwasfully connected,thestrongmodelwasrelativelyun-
constrainedandcould form high-ordernonlinearcombinationsof stereo,
motion,andvergenceangleinformation.

Theweakfusionmodel,shownin panelB,consistedof four underlying
networks.Thefirst network,like thefirst networkin thestrongmodel,re-
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ceivedasinput thevergenceangle(� v) andcomputedan estimateof the
viewing distance(dv). Thestereocomputationnetworkusedtheviewing-
distanceestimatecomputedby theinitial network(dv) andthesetof stereo
disparities(� i) toestimateeitherthedepthortheshapeoftheellipse.Themo-
tioncomputationnetworkusedtheviewing-distanceestimatecomputedby
theinitial network(dv) inconjunctionwith thesetof20retinalvelocities(mi)
toprovideanindependentestimateofellipsedepthorshape.Theweighting
networkwasgiventheestimateof viewingdistanceestimate(dv) as input
andthencomputedthelinearcoefficients(w andwm) usedto averagethe
outputsof the stereo(depth! ) andmotion (depthm) computationnetworks
soasto producethebestfinal estimateof depth.For theobjectdepthtask,
for example,theweightingnetworkcomputedtheweightsw" andwm asa
functionof theestimatedviewingdistance(dv) usingtheequation

depth#%$ w&(' depth)+*-,/. wm 0 depthm132 (4.1)

wheredepthis theweakfusionmodel’sfinalestimateof objectdepth,depth4
istheoutputestimateof theunderlyingstereocomputationnetwork,depthm
is theoutputestimateof theunderlyingmotioncomputationnetwork,and
w5 andwm are, respectively, theweightsusedto averagetheoutputesti-
matesof thestereoandmotionnetworks.Whereastheothernetworksof
thecuecombinationmodelshaveagenericform, theweightingnetworkis
nonstandard in thesensethatits outputunit isasigma-piunit (Rumelhart,
Hinton,& McClelland,1986).Specifically, theweightingnetworkhasfour
layersof units:aninputlayer,ahiddenlayer,alayerconsistingof twounits
(the activationsof theseunits are the valuesw6 andwm), andan output
unit.Theweightsontheconnectionsfromthetwounitsin thethird layerto
theoutputunit aresetequalto thedepthor shapeestimatesproducedby
thestereocomputationnetworkandmotioncomputationnetwork,respec-
tively. Becausethe two units in the third layer usethe logistic activation
function,theweightsw7 andwm are constrainedto lie betweenzero and
one;theyarenotconstrainedto sumto one.

Fourof thefiveunderlyingnetworksof themodifiedweakfusionmodel
(panelCof Figure4) werenearlyidenticalto theweakfusionmodel.It dif-
fered from theweakmodelin includingoneadditionalnetworkthatwas
usedtomodelaninstanceofcuepromotion.Johnstonetal.(1994)foundthat
thecombinationof stereoandmotioncueshelpedhumanobserverssolve
thestereoscalingproblemwhentheywereaskedto choosewhichof aset
of cylindersappearedcircular.Wemodeledthiscombinationof motionand
stereoby includinganetworkthatmappedsetsof stereodisparities(8 i) and
retinalvelocities(mi) to provideanadditionalestimateof theviewingdis-
tance(d9 m).Retinalvelocitiesscaleinverselywith viewingdistance,whereas
stereodisparitiesscaleinverselywith thesquare of theviewing distance.
Consequentlythere is only oneobjectdepthat oneviewing distancethat
is consistentwith bothmotionandstereoretinalsignals(seeFigure3).By
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combiningmotionandstereodisparityinformation,throughthis intersec-
tionofconstraints,bothobjectdepthandviewingdistancecanbecomputed
without theneedfor additionalinformation,suchasthevergenceangle.In
the modifiedweakmodel,limited nonlinearinteractionbetweenmotion
andstereowasallowedfor the purposeof computingthis additionales-
timateof the viewing distance(d: m). This viewing-distanceestimatewas
generallymore accuratethanthe vergence-angleestimate(dv) underthe
noiseconditionsstudied.Underthe Webernoisecondition,for example,
thecorrelationcoefficientbetweentheestimateof viewingdistancedv and
the realviewing distancewas0.7821,while thecorrelationcoefficient for
d; m andtherealviewingdistancewas0.9166,correspondingtoarootmean
square (RMS) error nearly twice aslarge for dv thand< m. This improved
stereo-motionviewing-distanceestimatewasusedasanadditionalinput
to themotion,stereo,andweightingnetworksof themodifiedweakfusion
model.

5 Experiment 1

Thefirst experimentcompared the performancesof the different models
(strong,weak,andmodifiedweakmodels)on thetwo tasks(objectshape
andobjectdepthtasks)undervariousnoiseconditions(Webernoise,flat
noise,velocity-uncertaintynoise,andno noise).Figures5 and6 showthe
resultson the objectshapetaskand objectdepthtask,respectively. The
two graphsin eachfigure showthe models’performancesin the Weber
noiseconditionandin theno-noisecondition.Performancesin theflat and
velocity-uncertaintynoiseconditionswereverysimilartothosein theWeber
noiseconditionand,thus,arenotshown.Thehorizontalaxisof eachgraph
givesthemodel;theverticalaxisgivesthegeneralizationperformanceat
theendof training.Themetricusedtoquantifygeneralizationperformance
isthecorrelationbetweentheactualoutputofamodelandthetargetoutput
(therealshapeordepthofanellipse)usingasetof testpatternsthatdiffered
from thepatternsusedduring training.Theerror barsin thegraphsgive
thestandard error of themeanfor 10runsof eachmodel.

Noneof the modelswe simulatedhadany difficulty in solving either
thedepthtaskor theshapetaskin theabsenceof noise,asshownby the
comparativelygood performanceof eachof the modelsin the no-noise
control condition.Ratherthanlackof computationalpower, it wasadded
noisethat was the mostsignificantfactor limiting performancefor each
model.Goodgeneralizationperformancewasthereforebasedontheability
of eachmodelto resolveambiguitydueto noise.Thisresulthighlightsthe
seriousnessof theproblemmentionedabove:thattheoristsproposingcue
combinationmodelshavefailedtospecifynoiseconditionsthatarerealistic
andcanbe usedto distinguishthe relativestrengthsandweaknessesof
competingcuecombinationmodels.In theabsenceofnoise,widelydifferent
modelsall showgoodperformance.
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Figure5: Generalizationperformancesof thestrong(S),weak(W),andmodified
weak(MW) modelsontheobjectshapetaskin the(top)Webernoisecondition
and(bottom)no-noisecondition.Generalizationperformancewasquantified
asthecorrelationbetweenamodel’sactualoutputandthetargetoutputusing
thesetof testpatterns.Standard error barsfor 10runsareshown.

Theshapetaskwaseasierthantheobjectdepthtask.As canbeseenby
comparingFigures5 and6, thegeneralizationperformanceson theshape
taskwereconsistentlybetterthanthoseontheobjectdepthtask.Becausethe
shapetaskwassignificantlyeasierfor all threemodels,thisresultisunlikely
to be due to a specificarchitecturalpropertyof a particularmodel.The
resultsarealsoindependentof theparticularnoiseconditionused.Shape
is ascale-invariantpropertyof objects,whereasobjectdepthis susceptible
to uncertaintyin theviewing-distanceestimate.It is thescaleinvarianceof
theshapetaskthatmakesit easierto solve.
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Figure6: Generalizationperformancesof thestrong(S),weak(W),andmodified
weak(MW) modelsontheobjectdepthtaskin the(top)Webernoisecondition
and(bottom)no-noisecondition.Generalizationperformancewasquantified
asthecorrelationbetweenamodel’sactualoutputandthetargetoutputusing
thesetof testpatterns.Standard error barsfor 10runsareshown.

Theliterature on visualperceptionoftencontainsan implicit assump-
tion thatpeopleuseasinglerepresentationof three-dimensionalspacefor
all tasks(e.g.,Gogel,1990).Recentevidencesuggests,however, that dif-
ferent tasksmay involve theuseof different spatialrepresentations(e.g.,
Graziano& Gross,1994).In particular, therearereasonsto believethatob-
servershaveseparaterepresentationsfor theshapeanddepthofobjects.The
shapeof objectsis a usefulcuefor objectrecognitionthat is independent
of distance-scalingeffects,whichprovidesamotivefor representingshape
independentlyof depth(Brenner, van Damme,& Smeets,1997;Mishkin,
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Ungerleider, & Macko,1983).Ourresultsshowthattheshapetaskis easier
thantheobjectdepthtask.Becauseobjectdepthrepresentationsareneces-
sarily susceptibleto uncertaintyin theviewing-distanceestimate,making
shapejudgmentsdependentonobjectdepthestimateswouldunnecessarily
corrupt shapeestimates.Separaterepresentationscouldrestricttheeffects
of uncertaintyin viewingdistancesothatrepresentationsof scale-invariant
propertiesarenotneedlesslycorrupted.

Figures5and6alsoillustratethatthemodifiedweakmodelshowedthe
bestperformancein theobjectdepthtaskandcomparableperformanceto
thestrongmodelin theshapetask.This wasalsothecasein theflat and
velocity-uncertaintynoiseconditions(notshown).Thisresultis surprising
because,in theory, thestrongmodelshouldalwaysbeableto performat
leastas well as the modified weak model due to the fact that it is less
constrained.However, thestrongmodeldid notperformbest;it seemsthat
thecomplexityof theobjectdepthtaskmeantthat theabsenceof built-in
structure in the strong modelallowedit to fall into relatively poor local
minimaof theerror surfacein thepresenceof noiseduring training.The
additionof extrahiddenunitsto thenetworksof thestrongmodeldid not
remedythisproblem.

In order to understandbetterthe performancesof the modifiedweak
modelrelativeto thoseof thestrongmodel,wealsosimulatedtwo variants
of the strongmodelandonevariantof the modifiedweakmodel.Recall
thatthestrongmodelcontainsanetworkthatmapsthestereoandmotion
signalsandtheestimateof viewing distancebasedon thevergenceangle
(dv) to estimatesof objectshapeor objectdepth.In thefirst variantof the
strongmodel,thisnetworkwasalsogivenasaninputtheestimateof view-
ing distancebasedon stereoandmotionsignals(d= m). Thegeneralization
performancesof this variantwere nearlyidenticalto thoseof theoriginal
strong model (the averagecorrelationcoefficients for the varianton the
shapeanddepthtaskswere0.899and0.778;thecorrespondingvaluesfor
theoriginalstrongmodelwere0.913and0.774).

In a secondvariant of the strong model, this network was given the
viewing-distanceestimatebasedonstereoandmotionsignals,but not the
estimatebasedon thevergenceangle(thefirst variantwasgivenbothof
theseestimates).Thisvariantalsodid not performbetterthantheoriginal
strongmodel(its averagecorrelationcoefficientson theshapeanddepth
taskswere 0.895and0.710).For the sakeof completeness,we alsosimu-
latedavariantof themodifiedweakmodel.In thisvariant,thenetworksof
themodelusedtheviewing-distanceestimatebasedonstereoandmotion
signals,butnot theestimatebasedonthevergenceangle.Thisvariantper-
formedsimilartotheoriginalmodifiedweakmodelontheobjectshapetask
andworsethantheoriginalmodelon thedepthtask(theaveragecorrela-
tioncoefficientsfor thevariantontheshapeanddepthtaskswere0.899and
0.700;thecorrespondingvaluesfor theoriginalmodifiedweakmodelwere
0.910and0.803).Thisoutcomeis surprisingbecausetheviewing-distance
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estimatebasedonthestereoandmotionsignals,d> m, ismoreaccuratethan
theestimatebasedon thevergenceangle,dv. Oneprobableexplanationis
thatdv, but notd? m, is independentof noisein thestereoandmotioncues,
andthismaybeimportantfor accuratelyestimatingdepth.

It shouldbeemphasizedthatno strongconclusionscanbedrawncon-
cerningthesuperiorityof themodifiedweakmodeloverthestrongmodel
(oranyof thevariantsof it thatwesimulated).Wesuggest,however, thatthe
superiorperformancesof themodifiedweakmodelprovideevidencethat
theconstraintsimposedon it are at leastnot overly restrictive.Although
nontrivial constraintsare imposedon themodifiedweakmodel,theydo
not seemto impair its ability significantlyto find asatisfactorysolutionto
boththeshapeanddepthtasks.

Themodifiedweakmodelperformedsignificantlybetterthantheweak
model.This is becauseconstraintsimposedon theweakmodelprevented
any interactionbetweenmotionandstereocues.In thecaseof themodi-
fiedweakmodel,constrainedinteractionbetweenmotionandstereosignals
providedarelativelyaccurateestimateof theviewingdistance.Thisaccu-
ratesourceof informationaboutthe viewing distancegavethe modified
weakmodelasignificantadvantageovertheweakmodel.

Therelativelygoodperformanceof themodifiedweakmodelsuggests
thatthemodularityconstraintsimposedonit (themodelcontainsseparate
stereoandmotiondepthcomputationnetworks)donotpreventit fromfind-
ing agoodsolution.Thearchitectureof themodifiedweakmodelprovides
anadequatecompromisebetweenmodularityandthepowerto combine
cues,therebyshowingbothgoodperformanceandparsimoniousdesign.
Stereoandmotion informationcould interactin a constrainedmannerto
provideanadditionalestimateof viewingdistance,while theoverallarchi-
tectureremainedessentiallymodular.

Althoughthecomparativesimulationresultssuggestthatthemodified
weakfusionmodelis a goodcandidatemodelof thecombinationof mo-
tion andstereocues,furthersimulationresultswith thismodelindicatebe-
haviorsthataresensiblefrom a computationalviewpointbut inconsistent
with existingpsychophysicaldata.In thissense,thesimulationresultsshow
shortcomingsof themodifiedweakmodel.Wehighlighttheseshortcomings
in ordertoprovideafair evaluationof thestrengthsandweaknessesof this
modelandto encourageadvocatesof themodelto considermodifications
thatmaymakethemodel’sbehaviormoreconsistentwith psychophysical
results.

Figure7givestheweightingofmotionandstereoasafunctionofviewing
distancefor thedifferent tasksfor themodifiedweakmodelin theWeber
noisecondition.Thehorizontalaxisrepresentstheviewing distance,and
theverticalaxisrepresentstheweightsassignedto motionandstereo(wm

andw@ in equation4.1).Theweightingsofmotionandstereocuesin flatand
velocity-uncertaintynoiseconditionsweresimilar to theweightingsin the
Webernoiseconditionsandthereforearenotshown.Asmightbeexpected,
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Figure7: Weightsassignedto motionandstereoinformationby themodified
weakmodelasa functionof viewing distancefor theobjectshapeandobject
depthtasks.Standard error barsfor 10runsareshown.

theweightsaddedapproximatelyto oneoverall distancesfor bothdepth
andshapetasksin all noiseconditions,althoughtheywerenotconstrained
to doso.

In thecaseof theshapetask(panelA of Figure 7), motioninformation
wasweightedfar more heavilythanstereoinformationfor all threenoise
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conditions.This is consistentwith thefact thatretinalvelocitiesprovidea
scale-invariantcuetoshape.Becausethemotioncuetoshapeisnotsuscep-
tible to noisein theviewing-distanceestimate,it remainsconsistentlythe
mostreliablecueunderall conditionstested.Theweightassignedto stereo
increasedwith viewingdistancein all threenoiseconditions.

In theobjectdepthtask(panelBof Figure7), theoppositeresultswere
found:stereowasweightedmore heavily thanmotion for all threenoise
conditions.Again, the weight assignedto stereo increasedwith viewing
distancefor all threenoiseconditions.

That the weight assignedto stereo increasedwith distanceis an un-
expectedfinding becauseit is inconsistentwith psychophysicaldata.The
resultsdiffer fromthepsychophysicalfindingsof Johnstonetal. (1994),as
well asthoseof severalotherinvestigatorswho found increasedreliance
on motion asthe viewing distanceincreased(seeTittle et al., 1995,for a
discussion).Johnstonetal. (1994)explainedthisby arguingthatmotionis
amorereliablecueat fartherdistances.Thedifferencebetweentheperfor-
manceof thesimulatedmodifiedweakmodelandthatof theobserversin
Johnstonetal.’sstudyis noteasyto explainby assumingslightly different
noiseconditionsfor motionandstereothanthethreeweused.It isalsonot
easyto explainby consideringdifferencesbetweentheKDE displaysused
by Johnstonet al. and the displaysthat we used.(AppendixB provides
a lengthydiscussionof theseissues.)In short,analysisof the equations
relatingeithermotion or stereo informationto estimatesof objectdepth
showsthatfor apointtravelingaroundafixedellipseataconstantvelocity,
thedepthestimatesbasedon stereobecomemoreaccurateastheviewing
distanceincreasesrelativeto thedepthestimatesbasedon motion.There-
fore, it is not thecasethat motion is providing more reliableinformation
atgreaterviewingdistances.Onepossibleexplanationof thedifferencebe-
tweenthesimulationresultsreportedhereandthepsychophysicaldatais
that humanobservershavedifferent biasesin their estimatesof viewing
distancethan thoseincludedin the modifiedweakmodel.The distance
judgmentsof humanobserverstendto bebiasedtoward viewingdistances
of approximately1 meter;viewing distanceslessthanthis valuetendto
beoverestimated,whereasviewing distancesgreaterthanthis valuetend
to be underestimated.This phenomenonis known asthe specificdistance
tendency. Thestudyof Johnstonet al., which reportedthatsubjectsrelied
morestronglyonmotionatfartherviewingdistances,useddistancesof 0.5
and1.2meters.It is likely thatobservers’estimatesof viewingdistanceare
moreaccurateat 1.2metersthantheyareat 0.5meter, andthis mayaffect
their relativeuseof motionandstereo.Ourmodel,andthemodifiedweak
fusionmodelasoutlinedby Landyetal. (1995),doesnot includebiasesin
viewing-distanceestimates.Our simulationresultssuggestthatadvocates
of thismodelmaywantto includesuchamechanismin futureversions.

As afinal conclusionbasedon theresultsof experiment1,we returnto
theissueof singleversusmultiplerepresentationsof visualspace.Boththe
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modifiedweakmodelandthestrongmodelperformedbetterontheshape
taskthanthedepthtaskfor all thenoiseconditions.Therelativeweighting
of motionandstereowassignificantlydifferentfor shapeanddepthtasks
for all noiseconditionsandoverawide rangeof viewingdistances.These
differencesbetweentheshapeandthedepthtaskprovideasourceof moti-
vationfor havingseparaterepresentationsof objectdepthandobjectshape.
Landyetal. (1995)proposedtheexistenceof adepthmapto whichall cues
were promoted.Our resultsmotivatethe additionalexistenceof a shape
map.Separaterepresentationsfor thedepthandshapeof anobjectwould
permitindependentcueweightingfunctions,allowingeachjudgmenttobe
separatelycomputedsoasto minimizetheeffectsof noise.

6 Experiment 2

Experiment2 examinedthe ability of the modifiedweakmodel to com-
pensatefor changesin therelativeusefulnessof differentcues.Landyetal.
(1995)suggestedthatchangesin theweightsassignedto differentcuesfor
visualdepthmightservetocompensatenearlyinstantlyfor changesin their
relativereliability.Young,Landy,andMaloney(1993)foundthathumanob-
serversalteredtheweightsthattheyassignedto depthestimatesbasedon
textureandmotioncuesasafunctionof thecues’reliabilities.Turneretal.
(1997)exposedobserverstodisplayswhereeithermotionparallaxorstereo
disparity specifieda three-dimensionalsinusoidalcorrugationin depth,
while theothercueindicatedrandompointsscatteredrandomlywithin the
volume.Theyfoundthatperformancesonadepthjudgmenttaskimproved
whentheobserversweretoldwhethermotionorstereowastheinformative
cue.It is thoughtthatthis improvementin performanceis dueto achange
in therelativedegreeto whichobserversreliedonmotionandstereocues.
Performancewasbetterwhenthesamecuewasrelevantfor anentireblock
of trials thanwhentherelevantcuechangedon a trial-by-trial basis.This
resultsuggeststhatasignificantamountof cuereweightingmightnotoccur
instantaneously.

Webeganwith apreviouslytrainedsystemthatsimulatedthemodified
weakmodel.Eitherthestereoor themotioncueindicatedanellipsevarying
in width anddepth;theothercuewassetto indicatea flat surfaceon the
fixationplane.Thecuethatindicatedaflatsurfacewasthereforeuninforma-
tiveasfarasjudgingthedepthor theshapeof theellipsewasconcerned.We
examinedthedepthandshapeestimatesof themodifiedweakmodelwhen
providedwith this contradictoryinformationfrom motionandstereo.We
were interestedin how thedepthandshapeestimatesandtheweightsas-
signedto thedifferentcueschangedovertimewith additionaltraining.We
predictedthat theweightassignedto the informativecuewould increase
at the expenseof the weight assignedto the uninformativecue.We also
predictedthatthedepthandshapeestimatesof themodelwould improve
astheweightassignedto theinformativecueincreased.In thesimulations
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reportedin this section,the weightsassignedto stereoandmotion were
constrainedto benonnegativeandto sumto one.In addition,weconsider
only theWebernoisecondition(theresultswith theothernoiseconditions
werequalitativelysimilar).

Theweightassignedto theinformativecuewasexaminedovertimefor
the objectdepthtask.Whenmotion wasthe informativecue,the weight
assignedto motion(averagedoverall testpatterns)increaseddramatically
overabout300patternpresentations.Theoppositeoccurredwhenstereo
wasthe informativecue,thoughthe effect waslessstrongdueto ceiling
effectsbecausethemodelhadinitially reliedheavilyonstereoinformation.
Analogousresultswerefoundfor theshapetask.Whenstereowastheinfor-
mativecue,theweightassignedto stereosignificantlyincreasedovertime.
Theweight assignedto motion significantlyincreasedwhenmotion was
theinformativecue,althoughthemodelinitially reliedheavilyonmotion,
andagain,therefore,therewereceilingeffects.

Figure8showsthedepthestimatesof themodifiedweakmodelasafunc-
tion of realdepth.Thehorizontalaxisgivestherealdepthof anellipse;the
verticalaxisgivesthedepthestimateproducedby themodel.Thefinesolid
line alongthediagonalof eachgraphrepresentsperfectdepthconstancy.
Thesolid circlesin thegraphsrepresentthedepthestimatesof themodel
whenbothstereoandmotionwereinformativecuesprovidinginformation
aboutthedepthof theellipse.Whenbothcueswereinformative,therewas
asmall,consistenttendencytooverestimatethedepthof “shallow” ellipses
andunderestimatethedepthof “deep”ellipses.Webelievethatthis is due
to theuseof asetof trainingpatternsin which,onaverage,apatternrepre-
sentedanellipseof moderatedepth.Themodellearnedtobiasitsestimates
toward thisaveragevalue.

Thebottomgraphshowsthedepthestimatesof themodelwhenthemo-
tion cueindicatedaflat surface.Datashownareaveragedoverall thetest
patternsand,thus,are averagedover thefull rangeof viewing distances.
We predictedthat initially (before themodelreceivedadditionaltraining
allowing it to compensatefor thefact thatonecuewasuninformative)the
ellipsewouldappearshallowerwhenonecueindicatedaflat surface.The
solid trianglesrepresentthe initial depthestimatesof themodel.As pre-
dicted,the slopeof the function relating the depthestimatesto the real
depthsof theellipsesis comparativelyflat; themodelstrikingly underesti-
matedthedepthsof theellipses.Thisresultis consistentwith thecommon
finding of underestimationof depthby humanobserversin reducedcue
conditions(e.g.,Bülthoff & Mallot, 1988;Landy et al., 1991).Theshaded
squaresrepresentthedepthestimatesof themodelafteradditionaltrain-
ing.Themodellearnedto rely almostentirely onthestereocue.Thiscurve
approachesthedepth-estimatefunctionof themodelwhenbothcueswere
informative(solid circles),althoughthere is a slightly greatertendencyto
underestimatethedepthofdeepellipsesandoverestimatethedepthofshal-
low ellipses.Thegraydiamondsrepresentthedepthestimateof themodel
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Figure8: Depthestimatesof themodifiedweakfusionmodelasa functionof
therealdepthof anellipse.(Top) Thecasewhenmotionwasthe informative
cueandthestereocueindicateda flat surface.(Bottom)Thecasewhenstereo
wastheinformativecueandmotionindicatedaflatsurface.Standard errorbars
for 10runsaresmallerthanthesymbols.
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halfwaythroughtheadditionaltrainingperiod.As mightbeexpected,the
curvefalls halfwaybetweenthe initial depthestimatesof the modeland
theestimatesattheendof additionaltraining.Thisimprovementin perfor-
manceovertimeisduetothefactthatthemodellearnedtoreweightmotion
andstereocuessoasto rely more heavilyon the informativecue.Quali-
tativelysimilar resultswerefoundwhenthestereocuewasuninformative
(seethetopgraphof Figure8).

Figure 9 showsthe shapeestimatesof the modifiedweakmodelasa
functionof realshape.Thehorizontalaxisgivestherealdepth-to-widthra-
tio ofanellipse(normalizedbythemaximumdepth-to-widthratio),andthe
verticalaxisgivesthedepth-to-widthratioestimateof themodel(alsosuit-
ablynormalized).Thefinesolid line alongthediagonalrepresentsperfect
shapeconstancy. Whenstereoindicateda flat surfaceandmotionwasthe
informativecue(topgraph),therewasa small,consistenttendencyto un-
derestimatethedepthof deepellipses.Thesedataresemblepsychophysical
performancein severalstudieson motionparallaxthat revealeda similar
tendencyby humanobserversto underestimatethedepthof objectswhose
depthwasgreaterthantheir width (Braunstein& Tittle, 1988;Caudek&
Proffitt, 1993;Ono& Steinbach,1990).CaudekandProffitt (1993)speculated
thatobserverswereusingacompactnessassumption—anassumptionthat
objectsareaboutasdeepastheyarewide.Our simulationdata,however,
revealthat anotherpossiblecauseis the reducedcueconditionsusedin
thepsychophysicalexperiments.It maybethatsubjectsuseda “flatness”
assumption:observersinterpret theabsenceof a visualcueto depththat
normallyappearsin anenvironmentasindicativeof alackof depth.In our
simulations,underestimationof thedepthof deepellipsesincreasedwhen
eithercueindicateda flat object(there is alsoan increasein theunderes-
timation of the depthof shallowellipses,thoughit is lesseasilynoticed
for theseobjectsbecauseof theirsmalldepths).Similarly, humanobservers
mayhaveinterpretedtheabsenceof expectedcues,suchasstereoor texture
information,asindicativeof alackof depth,causingthemtounderestimate
thedepthof deeperellipses.

Thesolid circlesin Figure 9 representthe initial shapeestimatesof the
modelwhenboth stereo and motion were informativecues;the shaded
squaresrepresentthemodel’sshapeestimatesafteradditionaltrainingdur-
ingwhichonecuewasmadeuninformative.Overall,performancewasbet-
terwhenbothcueswereinformative,aswouldbeexpected.However,shape
estimatesfor theverydeepestellipsesweremoreaccurateafterrecoveryin
thecasewhenmotionwastheonly informativecuethanwhenbothcues
were informative(top graph).Performancefor thesedeepestellipsesim-
provedwhenthemodelwasencouragedto usemotioninformationalone
ratherthanboth motionandstereo information.Again, this is consistent
with thefactthatmotionis ascale-invariantcueto objectshapeandstereo
is not.

Althoughtherehavebeenrelativelyfewstudiesofhowhumanobservers
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Figure9: Shapeestimatesof themodifiedweakfusionmodelasa functionof
therealshapeof theellipse.(Top) Thecasewhenmotionwastheinformative
cueandthestereocueindicateda flat surface.(Bottom)Thecasewhenstereo
wastheinformativecueandmotionindicatedaflatsurface.Standard errorbars
for 10runsaresmallerthanthesymbols.
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compensatefor reducedcueconditions,examinationof thebehaviorof the
modifiedweakfusionmodelrevealsbehaviorthat is qualitativelysimilar
to psychophysicaldatain certainrespects.Forexample,Turneretal. (1997)
foundthatwhenhumanobserversdiscriminatedasurfacefrompointsscat-
teredrandomlywithin a volume,theywerecapableof goodperformance
with motionor stereoinformationalone.However, whenmotionwasthe
reliablecue,the presenceof stereo asan unreliablecueimpaired perfor-
mancesignificantly. When the samecue was reliable through an entire
block of trials, performanceimproved,suggestingthat observerslearned
to reweighttheir relativerelianceon motion andstereoover time. These
experimentalresultsare similar to thesimulationresultsfoundusingthe
modifiedweakmodel.Thepresenceof acuefor “flatness”initially leadsthe
modelto underestimatebothshapeanddepthin amannerthatresembles
psychophysicaldatacollectedunderreducedcueconditions.The modi-
fied weakfusionmodelis capableof learningto reweightcuesin orderto
usereliablecueinformationmoreextensively, similar to humanobservers.
Becausethe modifiedweakmodel is broadly consistentwith the limited
amountof psychophysicaldataavailable,we tentativelyconcludethatthe
modifiedweakfusion modelmay provide a goodmodelof how human
observerslearnto compensatefor changesin cueinformativeness.

7 Summary

Recentyearshaveseena proliferation of new theoretical modelsof cue
combination,especiallyin thedomainof depthperception.This prolifer-
ationis partly dueto a poorunderstandingof existingmodelsandpartly
due to a lack of comparativestudiesrevealingthe relativestrengthand
weaknessesof competingmodels.Threemodelsof visualcuecombination
weresimulated:aweakfusionmodel,amodifiedweakmodel,andastrong
model.Experiment1 compared theperformancesof the threemodelson
a shapejudgmenttaskandanobjectdepthtask.Theresultssuggestthat
theconstrainednonlinearinteractionof themodifiedweakmodelallows
betterperformancethaneitherthelinearinteractionof theweakmodelor
theunconstrainednonlinearinteractionof thestrongmodel.It seems,there-
fore, that themodifiedweakfusionmodelrepresentsa goodcompromise
betweentheneedfor modularityandtheneedfor cueinteraction.Further
examinationof themodifiedweakmodelrevealedthatitsrelativeweighting
of motionandstereocueswasdependentonthetask,theviewingdistance,
and,to a lesserdegree,thenoisemodel.Althoughthedependencieswere
sensiblefromacomputationalviewpoint,theyweresometimesinconsistent
with psychophysicalexperimentaldata.Thefact thatdifferentweightings
wereusedfor differenttaskssuggeststhatit issensiblefor humanobservers
to usemultiplerepresentationsof visualspace.

Experiment2examinedtheability of themodifiedweakmodelto com-
pensatefor changesin therelativeusefulnessof differentcues.It wasfound
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thatthemodeliscapableof learningtoreweightcuesin ordertousereliable
cueinformationmoreextensively, similarto humanobservers.Overall,the
simulationresultssuggestthat,relativeto theweakandstrongmodels,the
modifiedweakfusionmodelisagoodcandidatemodelof thecombination
of motion,stereo,andvergenceanglecues,althoughtheresultsalsohigh-
light areas,suchasthespecificationof noisemodels,in which this model
needsmodificationor furtherelaboration.

Appendix A

This appendixprovidesdetailsof thesimulationsthatwere not included
in the main body of the text. The setof training patternswasbasedon
ellipsesvarying between10 and50 cm in width anddepthandviewing
distancesbetween69 and 411 cm. The test datawere basedon ellipses
varyingbetween12and48cmin width anddepthandviewing distances
varyingbetween72and408cm.Trainingpatternswerepresentedrandomly,
andthenetworkweightswereupdatedaftereachpatternpresentationusing
thebackpropagationalgorithm.Ten independentrunsweresimulatedfor
eachtaskfor eachmodel.

Threenoiseconditionswere considered: Webernoise,flat noise,and
velocity-uncertaintynoise.Thenoisedistributionswere alwaysgaussian
with ameanof zero; thethreeconditionsdifferedin termsof thevariances
of thenoisedistributionsandthesignalsthatwerecorruptedbynoise.In the
Weberandflatnoiseconditions,thestereosignals(A i B i C 1D�E�EFEGD 20),motion
signals(mi H i I 1J�K�K�KGJ 20),andvergenceanglesignal(L v) werecorruptedby
noise;thevariancesof thenoisedifferedin thedifferentconditions.In the
velocity-uncertaintycondition,thestereoandvergenceanglesignalswere
corruptedby noisewith thesamedistributionasin theWebercondition;
themotionsignals,however,werecorruptedbyaddingzero-meangaussian
noiseto thevelocities(M i N i O 1P�Q�Q�QGP 20)of thepoint travelingaroundthe
ellipse.Theequationscharacterizingthe variancesof eachof thesenoise
conditionsareprovidedin Table1.

Thenumberof hiddenunits andthe learning-rateparameterfor each
network were optimizedunder the Webernoisecondition in the sense
thatnetworkswith feweror morehiddenunitsor with adifferentlearning
rateshowedequalor worsegeneralizationperformance.Thenetworkthat
mappedthevergenceangleto anestimateof viewingdistancehad1input
unit, 25hiddenunits,and1 outputunit. Thenetworkin thestrongmodel
thatmappedtheestimateof viewing distance,themotionsignal,andthe
stereo signalto an estimateof shapeor objectdepthhad41 input units,
40hiddenunits,and1 outputunit. In theweakmodel,thenetworksthat
mappedtheestimateof viewing distanceandeitherthemotionor stereo
signalstoanestimateof shapeordepthhad21inputunits,15hiddenunits,
and1outputunit.Thecorrespondingnetworksin themodifiedweakfusion
modelwere identicalexceptthat theyhad22 input units (theextrainput
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Table1: EquationsCharacterizingtheVariancesof theWeberNoise,FlatNoise,
andVelocity-UncertaintyNoiseConditions.

Weber Flat VelocityUncertaintyR 2
si SUT kVXW i Y 2 Z 2

si []\ 1
2k̂X_ 2 ` 2

si aUb kcXd i e 2f 2
mi gUh kmmi i 2 j 2

mi kUl 1
2kmm 2 n 2o i pUq kmr�s 2t 2u

v vUw kx v y v z 2 { 2|
v }U~ k� v � v � 2 � 2�

v �U� k� v � v � 2
Note: � i denotesthestereosignals,mi denotesthemotion
signals,� denotesthevelocityof thepointtravelingaround
theellipse,and� v denotesthevergenceangle.Thevariance
of thenoiseaddedto theith stereosignalisdenoted� 2

si; the
varianceof thenoiseaddedto the ith motionsignalis de-
noted� 2

mi; thevarianceof thenoiseaddedtotheithvelocity
signalis denoted� 2� i; andthevarianceof thenoiseadded
to thevergenceangleis denoted� 2�

v
. Theconstantsk� , km,

andk� v wereusedto scalethevariances.Thecoefficientof
a half in the flat conditionwasusedto equalizeapprox-
imately the varianceof the noisein flat andWebernoise
conditions.

is the estimateof viewing distancebasedon motion andstereo signals).
Thenetworkin themodifiedweakmodelthatmappedmotionandstereo
signalsto an estimateof viewing distancehad40 input units,16 hidden
units,and1outputunit.Thenetworkin theweakmodelthatcomputedthe
weightsusedto averagethedepthor shapeestimatesbasedon stereoor
motionsignals(w� andwm in equation2.1)had1 input unit, a layerof 17
hiddenunitsfollowedby alayerof 2hiddenunits(theactivationsof these
unitswere theweightsw� andwm), and1 outputunit. Thecorresponding
networkin themodifiedweakmodelwasidenticalexceptthatit had2input
units.

Appendix B

Someresearchershaveclaimedthat motion is a more reliablecueto ob-
jectdepththanstereoat greaterviewingdistances(seeDurgin etal.,1995;
Johnstonetal.,1994).Thisappendixanalyzestheequationsrelatingeither
motionorstereoinformationtoobjectdepthin ordertoshowthatfor apoint
travelingarounda fixed ellipseat a constantvelocity, thedepthestimates
basedonstereobecomemoreaccurateastheviewingdistanceincreasesrel-
ativetothedepthestimatesbasedonmotion.Therefore,it isnotthecasethat
motionisprovidingrelativelymorereliableinformationatgreaterviewing
distances.

For thesakeof brevity, we consideronly theflat noisecondition(simi-
lar resultsare foundusingtheWebernoisecondition).Theappendixfirst
considersthevarianceof theobjectdepthestimateswhennoiseisaddedto
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thestereoandmotionsignalsbut not to thevergenceanglesignal.Thenit
considersthecasewhenall signalsarecorruptedby noise.

Considerobjectdepthestimatesbasedonstereoinformationfirst.Using
thesmallangleapproximation,it is thecasethat

depth��� I�
f � I�

n � (B.1)

where depth� is theobjectdepthestimateand I is the interoculardistance
(usingcm astheunit of measurement),and � f and � n are theanglessub-
tendedby thepointsontheellipsefarthestfromandnearestto theobserver
(seeFigure2).Theonlyvariablesin thisequationthatchangewith viewing
distanceare   f and¡ n. Thedependenciesof thesequantitiesontheviewing
distancearegivenby (againusingthesmallangleapproximation)¢

f £ I

D ¤ d
2

(B.2)

and ¥
n ¦ I

D § d
2 ¨ (B.3)

whereD is theviewingdistance(in cm)andd is thedepthof theellipse(in
cm).

Nowconsiderobjectdepthestimatesbasedonmotioninformation(using
thesmallangleapproximation):

depthm ©«ª¬mf ®°̄±mn
(B.4)

wheredepthm is theobjectdepthestimate,²G³ is thecomponentof themoving
point’svelocity(in cmperframe)thatisparallelto thefrontoparallelplane,
andmf andmn aretheretinalvelocities(expressedin degreesof retinalangle
perframe)whenthepointisatthelocationsontheellipsefarthestfromand
nearestto theobserver.Theonlyvariablesin thisequationthatchangewith
viewingdistancearemf andmn; thedependenciesaregivenby

mf ´ µ¶
D · d

2

(B.5)

and

mn ¸ ¹Gº
D » d

2 ¼ (B.6)
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Comparisonsof equationsB.1andB.4,B.2andB.5,andB.3andB.6indi-
catethatobjectdepthestimatesfrom stereoinformationandfrom motion
informationscalesimilarly with viewingdistance.Indeed,theyscaleiden-
tically exceptfor ascalingfactor.

Whennoiseis addedto thestereoandmotioncues,it oughtto bethe
casethatthevariancesof thedepthestimatesbasedonstereosignalsandon
motionsignalsscalesimilarlywith viewingdistance.Considertheflatnoise
conditionin which thenoiseaddedto thestereoandmotionsignalshasa
fixeddistribution(for themoment,thereisno noiseaddedto thevergence
angle).Usingthe fact that thedisparity ½ i is equalto ¾ i ¿ÁÀ v, andthe fact
that in theflat noiseconditionzero-meangaussiannoisewith varianceÂ 2Ã
is addedto thedisparity Ä i, equationB.1canberewrittenas:

depthÅÇÆ IÈ
v É/ÊÌË f ÍÏÎGÐÒÑÔÓ IÕ

v Ö/×ÌØ n ÙÏÚÛÒÜ (B.7)Ý IÞ
f ßÏàáãâ Iä

n åçæèGé (B.8)

Forthemotioncue,zero-meangaussiannoisewith varianceê 2
m isaddedto

theretinalanglemi. EquationB.4canberewrittenas:

depthm ë ìGímf îÏï m ð ñGòmn óõô m ö (B.9)

Inspectionof equationsB.8andB.9showsthat thevariancesof thedepth
estimatesbasedon stereo information and on motion information scale
identically with viewing distancewhenthe cuesare corruptedby noise,
exceptfor ascalingfactor.

Theinfluencesof noiseon objectdepthestimatesarenot easyto ascer-
tain by visual inspectionof the relevantequationswhennoiseis added
to thevergenceanglesignal,aswell asthestereoandmotionsignals.We
havethereforeconductednumericalanalysesbypluggingnumbersintothe
equationsandplottingtheresults.Theequationsusedin theseanalysesare
thosein thisappendix(thoughwithoutthesmallangleapproximation)and
equation2.1 in the main body of the text. We useda fixed ellipsewith a
point travelingaroundtheellipseataconstantvelocity. Themagnitudeof
thenoiseaddedto (or subtractedfrom)themotionsignalswassetequalto÷

mi (asdefinedin theflat noisecondition;seeappendixA); similarly, the
magnitudeof thenoiseusedto corrupt thestereosignalswassetequaltoøGù

i,andthemagnitudeof thenoiseusedtocorruptthevergenceanglesignal
wassetequalto úGû v. Nineviewingdistanceswereconsidered,spanningthe
rangeusedin thesimulations.

Theresultsareshownin Figure10.Thehorizonalaxisof panelA gives
theviewingdistancein centimeters;theverticalaxisgivestheobject-depth
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estimate(thetrueobjectdepthis10cm).Letdmax
m anddmin

m denotethelargest
andsmallestdepthestimatesat a givenviewing distanceproducedusing
combinationsofnoisymotionandvergenceanglesignalsfor afixedamount
of noise(for example,it maybethatthelargestdepthestimateis produced
whennoiseisaddedtothemotionsignalsandsubtractedfromthevergence
anglesignal,whereasthesmallestestimateis producedwhennoiseis sub-
tractedfrom themotionsignalsandaddedto thevergenceanglesignal).
Similarly, let dmaxü anddminý bethelargestandsmallestdepthestimatespro-
ducedusingcombinationsof noisystereoandvergenceanglesignals.As is
shownin panelA, with veryshortviewingdistances(around80cm),depth
estimatesbasedon noisy motion andvergenceanglesignalsare slightly
moreaccuratethandepthestimatesbasedonnoisystereoandvergencean-
glesignals.However, for all otherviewingdistances,depthestimatesbased
onstereosignalsaremoreaccuratethanthosebasedonmotionsignals.

Definethemotionandstereoerrorsatagivenviewingdistance,denotedþ
m and ÿ�� , asfollows:

�
m � 1

2

���
dmax

m � d�
	�� dmin
m � d � (B.10)

����� 1

2 ��� dmax� � d�
��� dmin� � d� ��� (B.11)

where d is the true objectdepth.Definethe accuraciesof the depthesti-
matesbasedon motionsignalsandon stereosignalsasthereciprocalsof
thesquaredcorrespondingerrors( �! 2

m and "�# 2$ ). Finally, definethemotion
andstereoweights:

wm % &�' 2
m(�) 2

m *,+.- 2/ (B.12)

w0�1 2�3 245�6 2
m 7,8.9 2:<; (B.13)

In thecaseof thesimulations,wheretheamountof noiseis arandomvari-
able(ratherthanasinglefixedvalueasin thisappendix),wewouldexpect
theweightsof themotionandstereocuesto beinverselyrelatedto their
relativevariances.Theweightsin equationsB.12andB.13,basedon the
relativeaccuraciesof thedepthestimatesfrom motionandstereosignals
for afixedamountof noise,areshownin panelB.Thehorizontalaxisgives
theviewing distance;theverticalaxisgivestheweights.Consistentwith
theneuralnetworksimulationresults(seeFigure 7), theweightassigned
to stereoincreaseswith viewing distance,whereastheweightassignedto
motiondecreases.
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Figure10: (PanelA) Theupperandlowercurvesof shadeddotsgivetheobject
depthestimatesdmax

m anddmin
m producedwhennoisecorruptsthemotionand

vergenceanglesignals;theupperandlowercurvesof soliddotsgivethedepth
estimatesdmax= anddmin> producedwhennoisecorruptsthestereoandvergence
anglesignals.(PanelB) Theweightsassignedto motionandstereo.
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