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Abstract

We extenda previously developedBayesianframework for perception
to accountfor sensoryadaptation.We �rst notethat the perceptualef-
fectsof adaptationseemsinconsistentwith an adjustmentof the inter-
nally representedprior distribution. Instead,wepostulatethatadaptation
increasesthe signal-to-noiseratio of the measurementsby adaptingthe
operationalrangeof themeasurementstageto theinput range.We show
thatthis changesthelikelihoodfunctionin sucha way thattheBayesian
estimatormodelcanaccountfor reportedperceptualbehavior. In particu-
lar, wecomparethemodel'spredictionsto humanmotiondiscrimination
dataanddemonstratethatthemodelaccountsfor thecommonlyobserved
perceptualadaptationeffectsof repulsionandenhanceddiscriminability.

1 Moti vation

A growing numberof studiessupportthenotionthathumansarenearlyoptimalwhenper-
forming perceptualestimationtasksthat requirethe combinationof sensoryobservations
with a priori knowledge.TheBayesianformulationof theseproblemsde�nes theoptimal
strategy, andprovidesaprincipledyetsimplecomputationalframework for perceptionthat
canaccountfor a largenumberof known perceptualeffectsandillusions,asdemonstrated
in sensorimotorlearning[1], cuecombination[2], or visualmotionperception[3], just to
namea few of themany examples.

Adaptationis a fundamentalphenomenonin sensoryperceptionthatseemsto occurat all
processinglevels andmodalities. A variety of computationalprincipleshave beensug-
gestedasexplanationsfor adaptation.Many of thesearebasedon theconceptof maximiz-
ing thesensoryinformationanobservercanobtainaboutastimulusdespitelimited sensory
resources[4, 5, 6]. More mechanistically, adaptationcanbeinterpretedastheattemptof
the sensorysystemto adjustsits (limited) dynamicrangesuchthat it is maximally infor-
mative with respectto thestatisticsof thestimulus. A typical exampleis observed in the
retina,which managesto encodelight intensitiesthatvary over nineordersof magnitude
usingganglioncells whosedynamicrangecoversonly two ordersof magnitude.This is
achievedby adaptingto thelocal meanaswell ashigherorderstatisticsof thevisualinput
over shorttime-scales[7].
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If a Bayesianframework is to provide a valid computationalexplanationof perceptual
processes,thenit needsto accountfor the behavior of a perceptualsystem,regardlessof
its adaptationstate.In general,adaptationin a sensoryestimationtaskseemsto have two
fundamentaleffectsonsubsequentperception:

� Repulsion: The estimateof parametersof subsequentstimuli are repelledby
thoseof the adaptorstimulus,i.e. the perceived valuesfor the stimulusvariable
that is subjectto theestimationtaskaremoredistantfrom theadaptorvalueafter
adaptation.This repulsive effect hasbeenreportedfor perceptionof visualspeed
(e.g. [8, 9]), direction-of-motion[10], andorientation[11].

� Increasedsensitivity: Adaptationincreasestheobserver's discriminationability
aroundtheadaptor(e.g. for visual speed[12, 13]), however it alsoseemsto de-
creaseit furtherawayfrom theadaptorasshown in thecaseof direction-of-motion
discrimination[14].

In thispaper, weshow thatthesetwo perceptualeffectscanbeexplainedwithin aBayesian
estimationframework of perception.Note thatour descriptionis at anabstractfunctional
level - wedonotattemptto provideacomputationalmodelfor theunderlyingmechanisms
responsiblefor adaptation,and this clearly separatesthis paperfrom other work which
might seemat �rst glancesimilar [e.g.,15].

2 AdaptiveBayesianestimator framework

Supposethatanobserverwantsto estimateapropertyof astimulusdenotedby thevariable
� , basedon a measurementm. In general,the measurementcan be vector-valued,and
is corruptedby both internalandexternalnoise.Hence,combiningthenoisy information
gainedby themeasurementm with a priori knowledgeabout� is advantageous.According
to Bayes'rule

p(� jm) =
1
�

p(mj� )p(� ) : (1)

Thatis, theprobabilityof stimulusvalue� givenm (posterior) is theproductof thelikeli-
hoodp(mj� ) of theparticularmeasurementandtheprior p(� ). Thenormalizationconstant
� servesto ensurethattheposterioris aproperprobabilitydistribution. Undertheassump-
tion of asquared-errorlossfunction,theoptimalestimatê� (m) is themeanof theposterior,
thus

�̂ (m) =
Z 1

0
� p(� jm) d� : (2)

Note that �̂ (m) describesanestimatefor a singlemeasurementm. As discussedin [16],
the measurementwill vary stochasticallyover the courseof many exposuresto the same
stimulus,andthustheestimatorwill alsovary. Wereturnto this issuein Section3.2.

Figure1a illustratesa Bayesianestimator, in which theshapeof the (arbitrary)prior dis-
tribution leadson averageto a shift of theestimatetowarda lower valueof � thanthetrue
stimulusvalue� stim . The likelihoodandtheprior arethefundamentalconstituentsof the
Bayesianestimatormodel.Ourgoalis to describehow adaptationalterstheseconstituents
soasto accountfor theperceptualeffectsof repulsionandincreasedsensitivity.

Adaptation doesnot changethe prior ...

An intuitively sensiblehypothesisis thatadaptationchangestheprior distribution. Since
theprior is meantto re�ect theknowledgetheobserverhasaboutthedistributionof occur-
rencesof thevariable� in theworld, repeatedviewing of stimuli with thesameparameter
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Figure 1: Hypotheticalmodel in which adaptationalters the prior distribution. a) Un-
adaptedBayesianestimationcon�gurationin whichtheprior leadsto ashift of theestimate
�̂ , relativeto thestimulusparameter� stim . Boththelikelihoodfunctionandtheprior distri-
butioncontributeto theexactvalueof theestimatê� (meanof theposterior).b) Adaptation
actsby increasingtheprior distribution aroundthevalue,� adapt , of theadaptingstimulus
parameter. Consequently, ansubsequentestimate�̂ 0 of thesamestimulusparametervalue
� stim is attractedtoward theadaptor. This is theoppositeof observedperceptualeffects,
andwe thusconcludethatadjustmentsof theprior in a Bayesianmodeldonotaccountfor
adaptation.

value� adapt shouldpresumablyincreasetheprior probabilityin thevicinity of � adapt. Fig-
ure 1b schematicallyillustratesthe effect of sucha changein the prior distribution. The
estimated(perceived)valueof theparameterundertheadaptedconditionis attractedto the
adaptingparametervalue. In order to accountfor observed perceptualrepulsioneffects,
theprior would have to decreaseat thelocationof theadaptingparameter, a behavior that
seemsfundamentallyinconsistentwith thenotionof aprior distribution.

... but increasesthe reliability of the measurements

Sincea changein theprior distribution is not consistentwith repulsion,we areled to the
conclusionthatadaptationmustchangethelikelihoodfunction. But why, andhow should
thisoccur?

In orderto answerthisquestion,wereconsiderthefunctionalpurposeof adaptation.Weas-
sumethatadaptationactsto allocatemoreresourcesto therepresentationof theparameter
valuesin thevicinity of theadaptor[4], resultingin a local increasein thesignal-to-noise
ratio (SNR).This canbeaccomplished,for example,by dynamicallyadjustingtheopera-
tional rangeto the statisticsof the input. This kind of increasedoperationalgain around
theadaptorhasbeeneffectively demonstratedin theprocessof retinaladaptation[17]. In
the context of our Bayesianestimatorframework, andrestrictingto the simplecaseof a
scalar-valuedmeasurement,adaptationresultsin a narrower conditionalprobability den-
sity p(mj� ) in the immediatevicinity of theadaptor, thusan increasein the reliability of
the measurementm. This is offset by a broadeningof the conditionalprobability den-
sity p(mj� ) in the region beyond theadaptorvicinity (we assumethat total resourcesare
conserved, and thus an increasearoundthe adaptormust necessarilylead to a decrease
elsewhere).

Figure2 illustratesthe effect of this local increasein signal-to-noiseratio on the likeli-
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Figure2: Measurementnoise, conditionalsand likelihoods.The two-dimensionalcondi-
tional density, p(mj� ), is shown asa grayscaleimagefor both theunadaptedandadapted
cases.We assumeherethatadaptationincreasesthereliability (SNR)of themeasurement
aroundtheparametervalueof theadaptor. This is balancedby a decreasein SNRof the
measurementfurtherawayfrom theadaptor. Becausethelikelihoodis a functionof � (hor-
izontalslices,shown plottedatright), thisresultsin anasymmetricchangein thelikelihood
thatis in agreementwith a repulsive effecton theestimate.



a

0

+

-

adaptq 

q

D
q 

  
^

b

-90 90 180

-60

-30

0

30

60

 
adaptq

D
q 

  
^

-180

q [deg]

[d
eg

]

Figure3: Repulsion:Model predictionsvs. humanpsychophysics.a) Differencein per-
ceiveddirectionin thepre-andpost-adaptationcondition,aspredictedby themodel.Post-
adaptive perceptsof motiondirectionarerepelledaway from thedirectionof theadaptor.
b) Typical humansubjectdatashow a qualitatively similar repulsive effect. Data(and�t)
arereplottedfrom [10].

hoodfunction. Thetwo gray-scaleimagesrepresenttheconditionalprobabilitydensities,
p(mj� ), in the unadaptedand the adaptedstate. They are formedby assumingadditive
noiseon the measurementm of constantvariance(unadapted)or with a variancethat
decreasessymmetricallyin the vicinity of the adaptorparametervalue � adapt, andgrows
slightly in the region beyond. In the unadaptedstate,the likelihoodis convolutional and
theshapeandvarianceareequivalentto thedistribution of measurementnoise.However,
in theadaptedstate,becausethelikelihoodis a functionof � (horizontalslicethroughthe
conditionalsurface)it is no longerconvolutionalaroundtheadaptor. As a result,themean
is pushedaway from theadaptor, asillustratedin the two graphson the right. Assuming
thattheprior distributionis fairly smooth,thisrepulsioneffect is transferredto theposterior
distribution,andthusto theestimate.

3 Simulation Results

We have qualitatively demonstratedthatanincreasein themeasurementreliability around
the adaptoris consistentwith the repulsive effectscommonlyseenasa resultof percep-
tual adaptation.In this section,we simulateanadaptedBayesianobserver by assuminga
simplemodelfor thechangesin signal-to-noiseratio dueto adaptation.We addressboth
repulsionandchangesin discriminationthreshold. In particular, we compareour model
predictionswith previously publisheddatafrom psychophysical experimentsexamining
humanperceptionof motiondirection.

3.1 Repulsion

In the unadaptedstate,we assumethe measurementnoiseto be additive and normally
distributed,andconstantover thewholemeasurementspace.Thus,assumingthatm and
� live in the samespace,the likelihood is a Gaussianof constantwidth. In the adapted
state,weassumeasimplefunctionaldescriptionfor thevarianceof themeasurementnoise
aroundthe adapter. Speci�cally, we usea constantplus a differenceof two Gaussians,
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Figure4: Discriminationthresholds:Modelpredictionsvs. humanpsychophysics.a) The
modelpredictsthat thresholdsfor directiondiscriminationarereducedat the adaptor. It
also predictstwo side-lobesof increasedthresholdat further distancefrom the adaptor.
b) Dataof humanpsychophysicsare in qualitative agreementwith the model. Dataare
replottedfrom [14] (seealso[11]).

eachhaving equalarea,with onetwice asbroadas the other (seeFig. 2). Finally, for
simplicity, we assumea �at prior, but any reasonablesmoothprior would leadto results
thatarequalitatively similar. Then,accordingto (2) we computethepredictedestimateof
motiondirectionin boththeunadaptedandtheadaptedcase.

Figure3ashows thepredicteddifferencebetweenthepre-andpost-adaptive averageesti-
mateof direction,asafunctionof thestimulusdirection,� stim. Theadaptoris indicatedwith
anarrow. Therepulsive effect is clearlyvisible. For comparison,Figure3b shows human
subjectdatareplottedfrom [10]. Theperceivedmotiondirectionof agratingwasestimated,
underbothadaptedandunadaptedconditions,usingatwo-alternative-forced-choiceexper-
imentalparadigm.Theplot shows thechangein perceiveddirectionasa functionof test
stimulusdirectionrelative to thatof theadaptor. Comparisonof thetwo panelsof Figure3
indicatethatdespitethehighly simpli�ed constructionof themodel,thepredictionis quite
good,andeven includesthe small but consistentrepulsive effectsobserved 180 degrees
from theadaptor.

3.2 Changesin discrimination thr eshold

Adaptationalsochangesthe ability of humanobservers to discriminatebetweenthe di-
rectionof two differentmoving stimuli. In orderto modeldiscriminationthresholds,we
needto considera Bayesianframework thatcanaccountnot only for themeanof thees-
timatebut also its variability. We have recentlydevelopedsucha framework, andused
it to quantitatively constrainthe likelihoodandthe prior from psychophysical data[16].
This framework accountsfor theeffect of themeasurementnoiseon thevariability of the
estimate�̂ . Speci�cally, it providesa characterizationof thedistribution p(�̂ j� stim) of the
estimatefor a givenstimulusdirectionin termsof its expectedvalueandits varianceasa
functionof themeasurementnoise.As in [16] wewrite

varĥ� j� stimi = varhmi (
@̂� (m)

@m
)2jm = � stim : (3)

Assuming that discrimination threshold is proportional to the standard deviation,



q
varĥ� j� stimi , wecannow predicthow discriminationthresholdsshouldchangeafteradap-

tation.Figure4ashowsthepredictedchangein discriminationthresholdsrelativeto theun-
adaptedconditionfor thesamemodelparametersasin therepulsionexample(Figure3a).
Thresholdsareslightly reducedat the adaptor, but increasesymmetricallyfor directions
furtherawayfrom theadaptor. For comparison,Figure4bshowstherelativechangein dis-
criminationthresholdsfor a typical humansubject[14]. Again, thebehavior of thehuman
observer is qualitatively well predicted.

4 Discussion

We have shown thatadaptationcanbeincorporatedinto a Bayesianestimationframework
for humansensoryperception.Adaptationseemsunlikely to manifestitself asa change
in the internal representationof prior distributions,as this would leadto perceptualbias
effectsthatareoppositeto thoseobservedin humansubjects.Instead,we arguethatadap-
tation leadsto anincreasein reliability of themeasurementin thevicinity of theadapting
stimulusparameter. We show that this changein the measurementreliability resultsin
changesof the likelihoodfunction,andthatanestimatorthatutilizesthis likelihoodfunc-
tion will exhibit the commonly-observed adaptationeffects of repulsionand changesin
discriminationthreshold.Wefurthercon�rm ourmodelby makingquantitativepredictions
andcomparingthemwith known psychophysicaldatain thecaseof humanperceptionof
motiondirection.

Many openquestionsremain.Theresultsdemonstratedhereindicatethataresourcealloca-
tion explanationis consistentwith thefunctionaleffectsof adaptation,but it seemsunlikely
that theoryalonecanleadto a uniquequantitative predictionof thedetailedform of these
effects. Speci�cally, the constraintsimposedby biological implementationare likely to
play a role in determiningthechangesin measurementnoiseasa functionof adaptorpa-
rametervalue,andit will beimportantto characterizeandinterpretneuralresponsechanges
in thecontext of our framework. Also, althoughwe have arguedthatchangesin theprior
seeminconsistentwith adaptationeffects, it may be that suchchangesdo occurbut are
offsetby thelikelihoodeffect,or occuronly onmuchlongertimescales.

Last,if oneconsiderssensoryperceptionastheresultof acascadeof successiveprocessing
stages(with bothfeedforwardandfeedbackconnections),it becomesnecessaryto expand
the Bayesiandescriptionto describethis cascade[e.g.,18, 19]. For example,it may be
possibleto interpretthis cascadeasa sequenceof Bayesianestimators,in which themea-
surementof eachstageconsistsof theestimatecomputedat thepreviousstage.Adaptation
couldpotentiallyoccurin eachof theseprocessingstages,andit is of fundamentalinterest
to understandhow sucha cascadecanperformusefulstablecomputationsdespitethefact
thateachof its elementsis constantlyreadjustingits responseproperties.
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