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Abstract

We extend a previously developedBayesianframevork for perception
to accountfor sensoryadaptation.We rst notethat the perceptuakf-
fects of adaptationseemsnconsistentwvith an adjustmenif the inter
nally representegrior distribution. Insteadwe postulateghatadaptation
increaseghe signal-to-noiseatio of the measurementlsy adaptingthe
operationatangeof the measuremenrdtageto theinputrange.We shov
thatthis changeghelik elihoodfunctionin suchaway thatthe Bayesian
estimatomodelcanaccountor reportedoerceptuabehaior. In particu-
lar, we comparghemodel’s predictionsto humanmotiondiscrimination
dataanddemonstratéhatthemodelaccountgor thecommonlyobsened
perceptuabdaptatioreffectsof repulsionandenhancedliscriminability

1 Motivation

A growing numberof studiessupportthe notionthathumansarenearlyoptimalwhenper
forming perceptuakstimationtasksthat requirethe combinationof sensoryobsenations
with a priori knowledge.The Bayesiarformulationof theseproblemsde nesthe optimal
stratgy, andprovidesaprincipledyet simplecomputationaframework for perceptiorthat
canaccounffor alarge numberof known perceptuakffectsandillusions,asdemonstrated
in sensorimototearning[1], cuecombination[2], or visual motion perceptior[3], justto
namea few of themary examples.

Adaptationis a fundamentaphenomenoiin sensoryperceptiorthatseemso occuratall
processindevels and modalities. A variety of computationalprincipleshave beensug-
gestedasexplanationdor adaptationMany of thesearebasedn the concepiof maximiz-
ing thesensorynformationanobsener canobtainabouta stimulusdespitdimited sensory
resource$4, 5, 6]. More mechanisticallyadaptatiorcanbeinterpretedasthe attemptof
the sensorysystemto adjustsits (limited) dynamicrangesuchthatit is maximally infor-
mative with respecto the statisticsof the stimulus. A typical exampleis obseredin the
retina, which managedo encoddight intensitiesthat vary over nine ordersof magnitude
usingganglioncells whosedynamicrangecoversonly two ordersof magnitude.This is
achiered by adaptingto thelocal meanaswell ashigherorderstatisticsof thevisualinput
over shorttime-scaleg7].
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If a Bayesianframework is to provide a valid computationalexplanationof perceptual
processeghenit needsto accountfor the behaior of a perceptuabystem regardlessof
its adaptatiorstate.In generaladaptatiorin a sensoryestimationtaskseemgo have two
fundamentakffectson subsequenperception:

Repulsion: The estimateof parameterof subsequenstimuli are repelledby
thoseof the adaptorstimulus,i.e. the perceved valuesfor the stimulusvariable
thatis subjectto the estimationtaskaremoredistantfrom the adaptorvalueafter
adaptationThis repulsive effect hasbeenreportedfor perceptiorof visualspeed
(e.g.[8,9]), direction-of-motion10], andorientation[11].

Increasedsensitivity: Adaptationincreaseshe obsenrer's discriminationability
aroundthe adaptor(e.g. for visualspeed12, 13]), however it alsoseemso de-
creasat furtheraway from theadaptormsshovn in thecaseof direction-of-motion
discrimination[14].

In this paperwe shav thatthesewo perceptuakffectscanbe explainedwithin aBayesian
estimationframewvork of perception.Note thatour descriptionis at an abstracfunctional

level - we do notattemptto provide a computationamodelfor the underlyingmedanisms
responsiblefor adaptation,and this clearly separateshis paperfrom other work which

mightseemat rst glancesimilar[e.g.,15].

2 Adaptive Bayesianestimator framework

Supposehatanobsenerwantsto estimatea propertyof a stimulusdenotedy thevariable

, basedon a measuremenm. In general,the measurementan be vectorvalued,and
is corruptedby bothinternalandexternalnoise. Hence,combiningthe noisyinformation
gainedby themeasuremenh with a priori knowledgeabout is adwantageousAccording
to Bayes'rule

p( jm) = Zp(mj )p( ) : 1)

Thatis, the probabilityof stimulusvalue givenm (posterioi is the productof thelikeli-
hoodp(mj ) of theparticularmeasuremerandtheprior p( ). Thenormalizationconstant

senesto ensureghatthe posterioris a properprobability distribution. Undertheassump-
tion of asquared-errdossfunction,theoptimalestimate’\(m) is themeanof theposterior
thus Z,

"(m) = ; p( jm)d : )

Note that A(m) describesan estimatefor a singlemeasurement. As discussedn [16],
the measuremenwill vary stochasticallyover the courseof mary exposuredo the same
stimulus,andthusthe estimatomwill alsovary. We returnto thisissuein Section3.2.

Figure laillustratesa Bayesianestimatoyin which the shapeof the (arbitrary) prior dis-
tribution leadson averageto a shift of the estimateowarda lower valueof thanthetrue
stimulusvalue g;im . Thelikelihoodandthe prior arethe fundamentatonstituentof the
Bayesiarestimatomodel. Our goalis to describenow adaptatioralterstheseconstituents
soasto accounfor the perceptuakffectsof repulsionandincreasesgensitvity.

Adaptation doesnot changethe prior ...

An intuitively sensiblehypothesids that adaptatiorchangeshe prior distribution. Since
theprior is meantto re ect theknowledgethe obserer hasaboutthe distribution of occur
rencef thevariable in theworld, repeatediiewing of stimuli with the sameparameter
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Figure 1: Hypotheticalmodelin which adaptationalters the prior distribution. a) Un-
adaptedBayesiarestimationcon gurationin whichtheprior leadsto a shift of theestimate
" relativeto thestimulusparameter ;i . Boththelik elihoodfunctionandthe prior distri-

bution contrituteto the exactvalueof theestimate” (meanof the posterior).b) Adaptation
actsby increasingthe prior distribution aroundthe value, agapt , Of the adaptingstimulus

parameterConsequentlyan subsequemstimate’\o of the samestimulusparameteralue

stim IS attractedtoward the adaptor This is the oppositeof obsened perceptuakffects,
andwe thusconcludethatadjustment®f the prior in a Bayesiarmodeldo notaccounfor
adaptation.

value agapt Shouldpresumablyincreasehe prior probabilityin thevicinity of agape Fig-
ure 1b schematicallyillustratesthe effect of sucha changein the prior distribution. The
estimatedperceved)valueof theparameteundertheadaptectonditionis attractedto the
adaptingparametewalue. In orderto accountfor obsered perceptuakepulsioneffects,
the prior would have to deceaseat the locationof the adaptingparametera behaior that
seemdundamentallyinconsistentvith the notionof a prior distribution.

... but increaseghe reliability of the measuements

Sincea changein the prior distribution is not consistenwith repulsion,we areled to the
conclusionthatadaptatiormustchangethe likelihoodfunction. But why, andhow should
thisoccur?

In orderto answethis questionwe reconsidethefunctionalpurposeof adaptation\We as-
sumethatadaptatioractsto allocatemoreresourceso therepresentationf the parameter
valuesin thevicinity of theadaptorf4], resultingin alocal increasean the signal-to-noise
ratio (SNR). This canbe accomplishedfor example,by dynamicallyadjustingthe opera-
tional rangeto the statisticsof the input. This kind of increaseddperationalgain around
the adaptorhasbeeneffectively demonstrateth the procesf retinaladaptatio17]. In
the context of our Bayesianestimatorframenork, andrestrictingto the simple caseof a
scalarvaluedmeasurementdaptatiorresultsin a narraver conditionalprobability den-
sity p(mj ) in theimmediatevicinity of the adaptoythusanincreasen the reliability of
the measuremenin. This is offset by a broadeningof the conditional probability den-
sity p(mj ) in the region beyond the adaptorvicinity (we assumehattotal resourcesre
consered, andthus an increasearoundthe adaptormust necessariljead to a decrease
elsavhere).

Figure 2 illustratesthe effect of this local increasein signal-to-noiseratio on the likeli-
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Figure2: Measuementnoise conditionalsand likelihoods.The two-dimensionaktondi-
tional density p(mj ), is showvn asa grayscalémagefor both the unadaptedndadapted
casesWe assuméherethatadaptatiorincreaseshereliability (SNR) of the measurement
aroundthe parametewralue of the adaptor This is balancedy a decreasén SNR of the
measuremerfurtheraway from theadaptor Becausehelikelihoodis afunctionof  (hor
izontalslices,shavn plottedatright), thisresultsin anasymmetrichangen thelikelihood
thatis in agreementvith arepulsve effect on the estimate.
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Figure 3: Repulsion: Model predictionsvs. humanpsytophysicsa) Differencein per
cewveddirectionin the pre-andpost-adaptationondition,aspredictecby themodel. Post-
adaptve perceptf motiondirectionarerepelledaway from the directionof the adaptor
b) Typical humansubjectdatashav a qualitatively similar repulsve effect. Data(and t)
arereplottedfrom [10].

hoodfunction. The two gray-scalémagesrepresenthe conditionalprobability densities,
p(mj ), in the unadaptedandthe adaptedstate. They are formed by assumingadditive

noise on the measuremenin of constantvariance(unadapted)r with a variancethat
decreasesymmetricallyin the vicinity of the adaptorparametevalue agaps and grows

slightly in the region beyond. In the unadaptedtate,the likelihoodis corvolutional and
the shapeandvarianceareequialentto the distribution of measurementoise. However,

in the adaptedstate becausehelikelihoodis a functionof (horizontalslice throughthe

conditionalsurface)it is nolongercorvolutionalaroundthe adaptor As aresult,themean
is pushedaway from the adaptor asillustratedin the two graphson the right. Assuming
thattheprior distributionis fairly smooth thisrepulsioneffectis transferredo the posterior
distribution, andthusto the estimate.

3 Simulation Results

We have qualitatively demonstratethatanincreasen the measurementliability around
the adaptoris consistentwith the repulsve effectscommonlyseenasa resultof percep-
tual adaptation In this section,we simulatean adaptedBayesiambsener by assuminga
simplemodelfor the changesn signal-to-noiseaatio dueto adaptation.We addressoth
repulsionand changesn discriminationthreshold. In particular we compareour model
predictionswith previously publisheddatafrom psychoplysical experimentsexamining
humanperceptiorof motiondirection.

3.1 Repulsion

In the unadaptedstate,we assumethe measuremennoiseto be additive and normally
distributed,and constantver the whole measuremergpace.Thus,assuminghatm and
live in the samespace the likelihoodis a Gaussiarof constantwidth. In the adapted
state we assume simplefunctionaldescriptiorfor thevarianceof the measurementoise
aroundthe adapter Speci cally, we usea constantplus a differenceof two Gaussians,
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Figure4: Discriminationthresholds:Model predictionsvs. humanpsytophysicsa) The
model predictsthat thresholdgor directiondiscriminationare reducedat the adaptor It
also predictstwo side-lobesof increasedhresholdat further distancefrom the adaptor
b) Dataof humanpsychoplsicsarein qualitatve agreementvith the model. Dataare
replottedfrom [14] (seealso[11]).

eachhaving equalarea,with onetwice asbroadasthe other (seeFig. 2). Finally, for
simplicity, we assumea at prior, but any reasonablesmoothprior would leadto results
thatarequalitatively similar. Then,accordingto (2) we computethe predictedestimateof
motiondirectionin boththe unadapte@ndthe adaptectase.

Figure 3ashaws the predicteddifferencebetweerthe pre- and post-adaptie averageesti-
mateof direction,asafunctionof thestimulusdirection, sim. Theadaptois indicatedwith
anarron. Therepulsve effectis clearlyvisible. For comparisonFigure 3b shavs human
subjectdatareplottedirom [10]. Thepercevedmotiondirectionof agratingwasestimated,
underbothadaptecaindunadaptedonditions,usingatwo-alternatie-forced-choicexper
imental paradigm. The plot shavs the changein perceved directionasa function of test
stimulusdirectionrelative to thatof the adaptor Comparisorof thetwo panelsof Figure3
indicatethatdespitethe highly simpli ed constructiorof themodel,the predictionis quite
good, and even includesthe small but consistentepulsie effects obsered 180 degrees
from theadaptor

3.2 Changesin discrimination threshold

Adaptationalso changeghe ability of humanobsenersto discriminatebetweenthe di-
rection of two differentmoving stimuli. In orderto modeldiscriminationthresholdswe
needto considera Bayesianframeavork that canaccountnot only for the meanof the es-
timate but alsoits variability. We have recentlydevelopedsucha framework, and used
it to quantitatvely constrainthe likelihood andthe prior from psychoplsical data[16].
This frameavork accountdor the effect of the measurementoiseon the variability of the
estimate”. Speci cally, it providesa characterizatiomf the distribution p("j sim) of the
estimatefor a given stimulusdirectionin termsof its expectedvalueandits varianceasa
functionof themeasurementoise.As in [16] we write

vat'j simi = varmmi (%)zjm . (3)

Assuming that discrimination threshold is proportional to the standard deviation,
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varh'\j stimi » We cannow predicthow discriminationthresholdshouldchangeafteradap-
tation. Figure4ashavsthepredictedchangen discriminationthresholdselative to theun-
adaptecconditionfor the samemodelparameterasin the repulsionexample(Figure3a).
Thresholdsare slightly reducedat the adaptoy but increasesymmetricallyfor directions
furtheraway from theadaptor For comparisonfigure4b shavstherelative changdn dis-
criminationthresholddor atypical humansubject{14]. Again,thebehaior of thehuman
obsenreris qualitatively well predicted.

4 Discussion

We have shovn thatadaptatiorcanbeincorporatednto a Bayesiarestimationframevork

for humansensoryperception. Adaptationseemsunlikely to manifestitself asa change
in the internal representatiomf prior distributions, asthis would leadto perceptuabias
effectsthatareoppositeto thoseobseredin humansubjects.Insteadwe arguethatadap-
tationleadsto anincreasen reliability of the measuremenh thevicinity of the adapting
stimulusparameter We shaw that this changein the measurementeliability resultsin

change®f thelikelihoodfunction,andthatan estimatorthat utilizesthis likelihoodfunc-

tion will exhibit the commonly-obserd adaptationeffects of repulsionand changesn

discriminationthreshold We furthercon rm ourmodelby makingquantitatve predictions
andcomparingthemwith known psychoplysical datain the caseof humanperceptiornof

motiondirection.

Many openguestiongemain.Theresultsdemonstratetiereindicatethataresourcealloca-
tion explanationis consistenwith thefunctionaleffectsof adaptationbut it seemauinlikely
thattheoryalonecanleadto a uniquequantitatve predictionof the detailedform of these
effects. Speci cally, the constraintasmposedby biological implementationare likely to
play arole in determiningthe changesn measurememnoiseasa function of adaptorpa-
rametewvalue,andit will beimportantto characterizandinterpretneuralresponsehanges
in the context of our frameawork. Also, althoughwe have arguedthatchangesn the prior
seeminconsistentwith adaptatioreffects, it may be that suchchangesdo occurbut are
offsetby thelik elihoodeffect, or occuronly on muchlongertimescales.

Last,if oneconsidersensonperceptiorastheresultof acascad®f successie processing
stageqwith bothfeedforward andfeedbackconnections)it becomesecessaryo expand

the Bayesiandescriptionto describethis cascade[e.g., 18, 19]. For example,it may be

possibleto interpretthis cascadasa sequencef Bayesianestimatorsjn which the mea-

suremenbf eachstageconsistf the estimatecomputedat the previous stage Adaptation
could potentiallyoccurin eachof theseprocessingtagesandit is of fundamentainterest
to understandhow sucha cascadeanperformusefulstablecomputationglespitethe fact

thateachof its elementss constantlyreadjustingts responsgroperties.
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