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Abstract

Empirical evidence suggests the incentive value of an option is affected by other options

available during choice and by options presented in the past. These contextual effects are

hard to reconcile with classical theories and have inspired accounts where contextual influ-

ences play a crucial role. However, each account only addresses one or the other of the

empirical findings and a unifying perspective has been elusive. Here, we offer a unifying

theory of context effects on incentive value attribution and choice based on normative

Bayesian principles. This formulation assumes that incentive value corresponds to a preci-

sion-weighted prediction error, where predictions are based upon expectations about

reward. We show that this scheme explains a wide range of contextual effects, such as

those elicited by other options available during choice (or within-choice context effects).

These include both conditions in which choice requires an integration of multiple attributes

and conditions where a multi-attribute integration is not necessary. Moreover, the same

scheme explains context effects elicited by options presented in the past or between-choice

context effects. Our formulation encompasses a wide range of contextual influences (com-

prising both within- and between-choice effects) by calling on Bayesian principles, without

invoking ad-hoc assumptions. This helps clarify the contextual nature of incentive value and

choice behaviour and may offer insights into psychopathologies characterized by dysfunc-

tional decision-making, such as addiction and pathological gambling.

Author summary

Researchhasshownthatdecision-makingisdramaticallyinfluencedbycontext.Two
typesof influencehavebeenidentified,onedependenton optionspresentedin thepast
(between-choiceeffects)andtheotherdependenton optionscurrentlyavailable(within-
choiceeffects).Whetherthesetwo typesof effectsarisefrom similarmechanismsremain
unclear.Hereweofferatheorybasedon Bayesianinferencewhichprovidesaunifying
explanationof bothbetweenandwithin-choicecontexteffect.Thecoreideaof thetheory
is that thevalueof anoption correspondsto aprecision-weightedpredictionerror,where
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predictionsarebaseduponexpectationsaboutreward.An important featureof thetheory
is that it isbasedon minimal assumptionsderivedfrom Bayesianprinciples.Thishelps
clarify thecontextualnatureof incentivevalueandchoicebehaviourandmayoffer
insightsinto psychopathologiescharacterizedbydysfunctionaldecision-making,suchas
addictionandpathologicalgambling.

Introduction
Standardtheoriesof decision-makingassumethat theincentivevalueof anoption shouldbe
independentof optionspresentedin thepastandoptionsavailableduring choice[1±4].These
theoriesarefundamentallychallengedbyempiricalevidenceshowingthatexpectations
(derivedfrom pastexperience)aboutupcomingoptionschangevalueattribution andchoice
behaviour[5±14].Forexample,in aseriesof recentexperimentsfrom our lab[8±10],partici-
pantsmadechoicesin blocks(i.e.contexts)associatedwith oneof two distinct,but partially
overlapping,rewarddistributions.Participants'choiceswereconsistentwith attributing a
largerincentivevalueto rewards(commonto bothcontexts)in blocksassociatedwith low
comparedto highaveragereward.In otherwords,theincentivevalueof arewardincreased
whentheaveragewaslower.In addition to theaveragerewardof acontext,evidencefrom a
similar taskindicatedthat rewardvariancewithin agivencontextalsoexertsaninfluence
on incentivevalue[11]. Thesefindingshighlightcontextualeffectsexertedbyexpectations
aboutoptions(induced,for example,byoptionsavailableduring previouschoices);namely,
����������	
�� contextualeffects.

In addition,theempiricalliteraturehashighlightedcontextualinfluenceselicitedby
optionsavailableduring choice;namely,�
��
����	
�� contexteffects[6, 15±20].Standardthe-
oriesof decision-makingassumethat theincentivevalueof anoption shouldbeindependent
of otheroptionsavailableduring choice[1±4].This impliesthat thechoiceproportion between
two options,comprisingamorevaluableandalessvaluableoption,shouldbeunaffectedby
theintroduction of athird [2]. However,arecentstudy[6] hasshownthat thischoicepropor-
tion followsaU-shapefunction,whichdiminishesasthevalueof athird option approaches
thevalueof thetargetoptions±andstartsincreasingthereafter(Fig1A).This ishardto recon-
cilewith standardtheoriesandrepresentsaform of within-choicecontexteffect,wherebythe
valueof anoption isaffectedbyotheroptionsavailableduring choice.

In this task,it isunnecessaryto compareoptionsacrossdifferentattributes(single-attribute
decisions;[6]). However,otherformsof within-choicecontexteffecthavebeenobservedwhen
optionsaredefinedby thesamesetof attributesthathaveto betradedof againsteachother
(multiattribute decisions;[15±20].Forexample,considerabinarychoicebetweenahigh-qual-
ity andexpensivecarA versusalow-qualityandcheapcarB(Fig1B).Imaginethevaluesof
theattributesaresuchthatanagentis indifferentaboutthetwo options(i.e.,thehigherprice
of carA isexactlycompensatedby its quality),resultingin thesameprobabilityof choosing
optionsA andB.Whathappensif athird option isalsoavailable?Standardmodels(basedon
theassumptionthatvaluesareindependentof otheroptions)predictthat thechoiceprobabil-
ity differencewill remainzero,independentof athird option.However,empiricaldatahigh-
light aso-called�
�

��
�� ������ [20±23],wherebypreferencefor anoption overasecond
option±whichisequallypreferableduring binarydecisions±increasesif athird option isavail-
ablethat issimilar to thesecondoption (Fig1B).In our example,thechoiceprobabilitydiffer-
encebetweencarA andcarBwill bepositivewhenathird low-qualityandcheap(similar to
carB) carC isalsoavailable.A form of influencecalledthe�������
	� ������ [15,24±26]hasalso
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beenfoundwith theavailabilityof athird option that ischaracterizedbyalow scorefor one
attributeandanintermediatescorefor theother(Fig1B).Thepresenceof suchathird option
favourstheoption with ahighscorefor theattributefor whichthethird option hasaninter-
mediatescore.In our example,thechoiceprobabilitydifferencebetweencarA andcarBwill
bepositivewhenathird medium-qualityandexpensivecarD isalsoavailable.Finally,empiri-
caldataareconsistentwith aso-called�	���	�
�� ������ [17,25,27].Thisapplieswhenthe
choicesetincludestwo optionsscoringhigh in oneattributeandlow in anotherplusathird
option characterizedby intermediatescoresfor bothattributes.While thethreeoptionsare
equallypreferred(i.e.,arechosenanequalamountof times)if presentedin pairsduring binary
choices,whentheyareall available,apreferencefor theoption characterizedby intermediate
scoresisobserved(Fig1B).For instance,althoughduring binarychoicesanaverage-priceand
average-qualitycarE isnot preferredovercarA or overcarB,carEwill befavouredwhenpre-
sentedtogetherwith bothcarA andcarB.

Severalexplanationshavebeenproposedto accountfor contextualeffectson incentivevalue
andchoice,with mostmodelsfocusingon within-choicecontexteffectsduring multiattribute
decisions[16±20,27,28].Othertheorieshavebeenproposedto explainbetween-choicecontext
effects[29±31],anddisregardwithin-choiceeffects.Weareawareof asingleattemptto encom-
passbothbetween-choiceandwithin-choiceeffects,thoughrestrictedto non-multiattribute

Fig 1. A: Empirical evidence concerning contextual effects elicited by multiple options available during choice (within-choice context effects). A: Single-
attribute choice, where there is no need to integrate multiple attributes to make a decision. Here a better target option associated with reward RH and a worse
target option associated with reward RL are available together with a third option associated with reward R3. The graph plots empirical findings [6] in terms of
the ratio between the probability of choosing the better target option (P[RH|RH,RL,R3]) and the probability of choosing the worse target option (P[RL|RH,RL,
R3]) as a function of the (normalized) reward of a third options R3 (see Fig 5C in [6]). B: Multiattribute choice, where multiple attributes need to be integrated
to make a decision. Here, we consider the difference in choice probability between a high-quality and high-price car A and a low-quality and low-price car B.
Although during binary choice this difference is zero, empirical evidence has shown this difference can be non-zero when a third option is also available. A
similarity effect favours car A over car B when a low-quality and low-price car C (similar to car B) is available. An attraction effect favours car A over car B
when a medium-quality and high-price car D is available. A compromise effect consists in favouring a medium-quality and medium-price car E over both car
A and car B during choices in which all three cars are available, despite the fact these cars are equally chosen when they are available in pairs during binary
choices.

https://doi.org/10.1371/journal.pcbi.1005769.g001
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decisionsfor thelattertypeof effects[6]. Whethermodelsdevelopedto explainacertainclassof
contexteffectsgeneraliseto othereffectsremainsunclear±andaunifying accountencompassing
all knowncontexteffectsis lacking.Developingaparsimoniousaccountwouldrepresentan
important theoreticaladvance,asit wouldexplaindiverseempiricalphenomenawith thesame
underlyingprinciples.

Thegoalof thepresentpaperis to describeaunifying theory,referredto asBayesianmodel
of contextsensitivevalue(BCV) thatexplainsbetween-contextandwithin-contexteffects,in
singleandmultiattributedecisions.This theoryrepresentsageneralizationof arecentmodel
developedto explainbetween-choicecontextualeffects[11]. Thekeyideais thatagentsbuild a
generativemodelof rewardwithin acontextand,everytime anewrewardor option ispre-
sented,useBayesianinferenceto invert thismodelto form aposteriorbeliefabouttheunderly-
ing rewarddistribution. Incentivevalueiscomputedduring thisbeliefupdateandcorresponds
to aprecision-weightedrewardpredictionerror.Theadvantageof this theoryrelieson its
groundinguponsimplenormativeprinciplesof Bayesianstatistics.In addition,themodelcan
explainbetween-choicecontexteffects[8±11]andmakesspecificpredictionsthathavebeen
confirmedempirically.

In brief,BCVproposesthat theincentivevalueof astimulus(or option) correspondsto the
changein rewardexpected(in anygivencontext)whenthestimulusispresented.Thismakes
precisepredictionsaboutchoiceunderideal(Bayesian)observerassumptions(with aminimal
numberof freeparameters).Crucially,predictionsincludespecificformsof contexteffects,
andraiseaquestionof whetherthesepredictedeffectsareconsistentwith empiricalfindings.

In thispaper,weappliedBCVto multi-alternativechoice(consideringbothsingleandmulti-
attributedecisions)andaskwhetherthemodelpredictsthecontext-effectsfoundempirically.
Wefirst presentatheoreticalextensionof BCVapplicableto decisionsin whichmultiple options
areavailableandcanbecharacterizedbymultiple attributes.Weshowthatpredictionsderived
from themodelareremarkablysimilar to empiricalfindingson within-choicecontextualeffects,
bothduring non-multiattributeandmultiattributedecisions.WenextreviewBCVin relationto
between-choicecontexteffectsanddescribehowthemodelcanalsoexplaintheseempiricalfind-
ings.On thisbasis,weoffer themodelasaprincipleddescriptionof betweenandwithin-choice
contexteffects.

Results

Within-choice context effects
TheideabehindBCVis to establishalink betweentheoriesof valueandnormativeaccounts
of brain functioningbasedon Bayesianstatistics[32±37].TheBayesianbrain frameworkrests
on theideathatanagentbuildsamodelof theprocessesgeneratingsensorycues.Thegenera-
tivemodelcomprisesasetof randomvariables(i.e.,hiddenstatesor causesof sensoryout-
comes)andtheir causallinks (i.e.,probabilisticcontingencies).Thevariablescanbeseparated
into hiddenandobservablevariables,theformerrepresentingthelatentcausesof observations,
andthelatterrepresentingsensoryevidenceor cues.Sensoryevidenceconveyedbyobservable
variablesiscombinedwith prior beliefsabouthiddencausesto produceaposteriorbelief
aboutthecausesof observations.Theapplicationof this logichasprovedeffectivein explain-
ing severalempiricalphenomenain perception[32±37].For instance,psychophysicaldata
indicatethathumanperceptiondependson integratingdifferentperceptualmodalities(e.g.,
visualandtactile)in amannerconsistentwith Bayesianprinciples[38], whereevidenceis
weightedby theprecisionof sensoryinformation.Furthermore,processtheoriesthatmediate
Bayesianinference(e.g.,predictivecoding)havealargeexplanatoryscopein termsof neuro-
anatomyandphysiology[39].

Bayesian account of contextual effects
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Inspiredbyarecentframeworkthatconceptualisesplanningandchoiceasactiveinference
[40±45],our coreproposalis thatBayesianinferencedrivestheattribution of incentivevalue
to reward,andthis in turn determineschoice.

In apreviouswork,wehavedevelopedaversionof BCVapplicableto conditionswhere
pastoptionselicit contexteffectsbyshapingexpectanciesbeforearewardispresented([11];
seebelow).However,our previousformulationdid not considerconditionswheremultiple
options(potentiallycharacterizedbymultiple attributes)areavailable.Herewegeneralize
BCVto encompassconditionsin whichmultipleoptionsareavailableandoptionscanbechar-
acterizedbymultiple attributes.Wedefineamulti-attribute 	��
	� � � (e.g.,carA or carB) asa
contractthatyields������ ��	��� � 
,� relativeto eachattribute
 (e.g.,priceor quality):

� � ˆ f� 
;� g
ˆ1;...;� �
� ��� � 
;� 2 �5 …1†

An option set� is thesetof optionscurrentlyavailable:

��� � ˆ f� � g�ˆ1;...;� ���� � � �� 	
��	� 8 � …2†

Theexpectedvalue(EV) of anoption � � correspondsto:

� � �
ˆ

P

� 
;� …3†

Forexample,thetotal rewardfor carA isequalto therewardassociatedwith priceplusthe
rewardassociatedwith quality.BCVassumesthatanagentbuildsagenerativemodelof the
rewardamounts� 
,� (Fig2).Specifically,anagentbelievesthat,for eachattribute
, reward
amounts� 
,� acrossoptionsaresampledfrom thesamepopulation.To distinguishamong
attributes,weassumethatanagentbelievesthatanindependentpopulationof reward
amountsisassociatedto eachattribute.Forexample,if two attributescharacterizeoptions,
two independentpopulationsof rewardamountsareconsideredby theagent(Fig2).

Formally,for eachattribute
, theaverageof thepopulationof therewardamounts� 
,� is
representedbyarandomvariable� 
, whichisassumedto besampledfrom aGaussiandistri-
bution with prior mean� �
 anduncertainty(variance)s2

�
 :

� 
 � N …m�
 ; s2
�
 † …4†

Theagentassumesthat � �
 ands2
�
 areknownbut that � 
 isnot directlyobservableand

thereforeneedsto beinferredfrom observingthedifferentinstancesof rewardamounts� 
,� of
optionsfor theattribute
. This is realizedin thegenerativemodelby treating� 
 asahidden
causeof Gaussianvariables� 
,� with mean� 
 anduncertaintys2

�
 :

� 
;� � N …�
; s2
�
 † …5†

On thebasisof thegenerativemodel,for eachattribute
, theagentcanestimate

�̂ 
 ˆ N …̂m� 
j�� ; ŝ 2
�
 j�� †,namelytheposteriorbeliefaboutthevariable� 
 (i.e.,theaverage

rewardamountrelativeto theattribute
; thehatsymbolindicatesestimatesof unknown
quantities),giventheobservationof all rewardamountsof all optionsavailablefor the
attribute
, representedby theset� 
. In otherwords,anagentassumesthat thereis anaver-
agerewardfor eachattributewhich is unknownbut canbeestimatedbasedon thereward
amounts.

Accordingto Bayes'rule,theposteriorbeliefof � 
 canbecalculatedbyconsideringtheasso-
ciated� 
,� sequentiallyin anyorder.Weproposesuchsequentialbeliefupdatingfor BCV,
evenif options(andtheassociatedrewardamounts)arepresentedsimultaneously,andwe
assumethat theorderof optionsconsideredis random(with potentiallydifferentordersfor
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differentattributes).Forexample,whenthreeoptionscharacterizedby two attributesareavail-
able(representedby � 1,1, � 1,2and� 1,3for attributeone,and� 2,1, � 2,2and� 2,3for attributetwo),
inferencecaninvolvecomputing,in order,�(� 1|� 1,1), �(� 1|� 1,1, � 1,3) and�(� 1|� 1,1, � 1,2� 1,3)
for attributeone,and�(� 2|� 2,3), �(� 2|� 2,1, � 2,3) and�(� 2|� 2,1, � 2,2� 2,3) for attributetwo. In the
exampleabove,anagentmayconsiderfirst carA andnextcarBwhenestimatingtheaverage
rewardfor price,andfirst carBandnextcarA whenestimatingtheaveragerewardfor quality.

Therationalebehindsequentialbeliefupdatingis that thebrain isequippedwith alimited
computationalcapacity,whichprecludestheinstantaneous(andparallel)evidenceaccumula-
tion, andhencerequirestheprocessingof oneoption afteranother.A similarevidenceaccu-
mulationprocessis implicit in sometheoriesof perceptualandvalue-baseddecision-making
(e.g.,[16,46,47]).Below,wewill showthat thisevidenceaccumulation,in theform of sequen-
tial Bayesianbeliefupdating,endowsagentswith theright sortof sensitivityto context.For-
mally,if � 
,� is therewardamountconsideredfirst during beliefupdating,in relationto
attribute
, theposteriormeanm̂�
j� 
;�

is [48]:

m̂�
j� 
;�
ˆ m�
 ‡

s2
�


s2
�
 ‡ s2

�


� 
;� � m�


� �
…6†

Fig 2. Examp le of a basic generative model underly ing BCV. This is a directed acyclic graph or Bayesian
network. Circles represent random variables (shaded and white circles refer to observed and non-observed
variables respectively). An arrow denotes a conditional dependence±in which one random variable supplies the
mean of the probability distribution of its children. For each attribute i, a hidden variable Ci represents the belief
about the average reward amount across options for the attribute i. This generates the mean for Gaussian
observable variables Ri,n, corresponding to reward amounts associated with options available during choice. In
this example, three options are available and options are characterized by two attributes. Note that attributes are
independent in the generative model, as there is no arrow connecting variables associated with different attributes.
Inverting this model, given observations, furnishes posterior beliefs over the mean reward amount across options
for each attribute i. This inference is performed sequentially integrating one reward amount observation at each
inference step. When a reward observation is considered, its incentive value is conceived as (precision-weighted)
reward prediction error.

https://doi.org/10.1371/journal.pcbi.1005769.g002
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Theposterioruncertaintyŝ 2
�
j� 
;�

is:

ŝ 2
�
j� 
;�

ˆ s2
�
 �

s2
�


s2
�
 ‡ s2

�


s2
�
 …7†

Thecrucialproposalweadvanceis that theincentivevalue� 
(� 
,� )±attributedto areward
amount� 
,� in relationto theattribute
 andassociatedwith option � � ±iscentralto belief
updating(seeEq6) andcorrespondsto a����
�
	����
����� ����
��
	� ���	� [49]; namely,to
thedifferencebetween� 
,� andtheprior mean� Ci, multiplied byagainterm whichdepends
on theuncertaintyof thatattributes2

�
 andtheprior uncertaintys2
�
 :

� 
 � 
;�

� �
ˆ

s2
�


s2
�
 ‡ s2

�


� 
;� � m�


� �

)

m̂�
j� 
;�
ˆ m�
 ‡ � 
…�
;� †

…8†

Within BCV,incentivevalueimbuesrewardandassociatedoptionswith behaviouralrele-
vance,by favouringeitherapproachto (for positiveincentivevalues)or avoidanceof (for nega-
tive incentivevalues)theserewardamountsandoptions.

This impliestwo fundamentalformsof contextualnormalization.First,asubtractivenor-
malizationisexertedwhen� �
 isdifferentfrom zero.Forexample,if weassignpositiveand
negativenumbersto rewards(i.e.,� 
,� > 0) andpunishments(i.e.,� 
,� < 0) respectively,their
correspondingincentivevalueswill changein sign,dependingon whetherpunishment(i.e.,
� �
 < 0) or reward(i.e.,� �
 > 0) isexpectedapriori. Smallrewardsmayappearaslossesin
contextswherelargerewardsareexpected.Second,adivisivenormalizationdependson con-

sideringthegainterm
s2

�

s2

�
 ‡s 2
�

. This impliesthat thepositiveandnegativevalueof profits (i.e.,

� 
,� > � �
 ) andlosses(i.e.,� 
,� < � �
 ) aremagnifiedbyalargegainterm,whenwehaveprecise
beliefsabouttheaveragerewardof thepopulation.

SequentialBayesianbeliefupdatingmeansthat inferenceproceedsbyconsideringone
rewardamountatatime.If � 
,� is consideredatstep��� and� 
,� isasetcontainingall reward
amountsalreadyseenup until step� for attribute
, thenaposteriormeanm�
j� 
;� ;� 
;�

isobtained

atstep��� equivalentto (Bishop,2006):

m̂�
j� 
;� ;� 
;�
ˆ m̂�
j� 
;�

‡
ŝ 2

�
j� 
;�

ŝ 2
�
j� 
;�

‡ s2
�


� 
;� � m̂�
j� 
;�

� �
…9†

Implying avaluefor therewardamount� 
,� :

� 
 � 
;�

� �
ˆ

ŝ 2
�
j� 
;�

ŝ 2
�
j� 
;�

‡ s2
�


� 
;� � m̂�
j� 
;�

� �
…10†

Foreachattribute
, incentivevaluesareaccumulatedin memoryuntil inferenceiscom-
pleted(i.e.,all rewardamountshavebeenconsidered).Wecanassumethat inferenceproceeds
in sequenceor in parallelacrossattributes;however,thishasno impacton incentivevalues,as
theagentbelievesthatattributesareassociatedwith independentrewardpopulations(for-
mally:�(� 1,� 2,. . .,� �|�) = �(� 1|� 1), �(� 2|� 2),. . .,�(� �|� �)).

Whenall attributesfor anoption � � havebeenconsidered,weassumethat theincentive
valueof theoption correspondsto thesumof theincentivevaluesof associatedreward
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amounts:

� …�� †ˆ
P


ˆ1 � 
…�
;� † …11†

Inferenceproceedsuntil, for all attributes
, theposteriorexpectationaboutrewardŝm�
j�� is
evaluatedand,at thispoint, achoiceis realizedfollowingasoftmaxrulebasedon theincentive
valuesof theavailableoptions[2].

In summary,BCVisbasedon thefollowingassumptions:

1. Eachattributeisassociatedwith anaveragereward(which isahiddenvariable).

2. Averagerewardsfor differentattributesareindependent.

3. Foreachattribute,therewardsoffered(or observedrewards)aretreatedassamplesthat
dependon theaveragereward.

4. Theobservedrewardsareusedto invert themodelandinfer theaveragereward.

5. During inference,observedrewardsareconsideredsequentially.

6. During inference,anincentivevalueiscalculatedfor eachobservedrewardthatcorre-
spondsto aprecision-weightedpredictionerror.

7. Incentivevaluesaresummedacrossobservedrewardsandattributes,andchoicefollowsa
softmaxrule.

Belowtheseassumptionsarediscussedin detail.Assumptions(i), (iii), and(iv) areimplicit
in adoptingaBayesianscheme.Assumption(vii) isbasedon astandardapproachin which
incentivevaluesaresummedandasoftmaxchoicerule isadopted.Assumption(ii) captures
thenotion of multiple attributes,in otherwordsit enablesanagentto link rewardsto their
attributes.Assumption(vi) (sequentialbeliefupdatingor evidenceaccumulation)reflectsthe
realworld constraintthatpeoplehaveto evaluateavailableoptionsandrewardsonebyone.In
otherwords,agentscannotmagicallyandinstantaneouslyassimilateall theoptionson offer±
theyhaveto accumulateevidencefor theunderlyingpayoffsbyevaluatingeachin turn. This
notion playsacentralrolesincewewill seethatcontexteffectsemergebecausearewardiscon-
textualizedbypreviousrewardsencounteredduring inference.Thisunderliesassumption(v)
thatassociatesincentivevaluewith aprecision-weightedpredictionerror±acentralconstruct
in Bayesianinference.Heuristically,thisschemeimpliesthatanoption ismorelikely to be
selectedif it increasesexpectationsof reward,andwill beavoidedif it decreasesexpectations.
In otherwords,anoption ismorelikely to beselectedif it suggeststhesituationisbetterthan
indicatedbyoptionsconsideredpreviouslyduring beliefupdating.

NotethataBayesianperspectivemaysuggestthat incentivevaluecorrespondsto aposterior
belief±ratherthanaprecision-weightedpredictionerror.Asanexample,thiswould imply that
thevalueof thesamedishwill beperceivedas`higher'in a`better'restaurant.However,empir-
icaldataareconsistentwith theoppositenotion that (adoptingthesameexample)thevalueof
thesamedishisperceivedaslowerin abetterrestaurant[6±14].Thisevidencemotivatedour
proposalthat incentivevaluecorrespondsto aprecision-weightedpredictionerror,andnot to
aposteriorbelief.

In sum,BCVprovidesaprincipledexplanationfor howBayesianinference,assigningakey
role to prior expectationanduncertainty,might underlievaluecomputationandchoice.The
keyroleof uncertaintyis reflectedin theprecision-weightingof predictionerrors.Thehypoth-
esisweentertainhereis that themechanismspostulatedbyBCVmaybegeneralandexplain
multiple formsof contexteffects.WehavepreviouslyappliedBCVto explainbetween-choice
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contexteffects;namely,thoseelicitedbyoptionspresentedin thepast[11]. Here,weexplore
thepossibilityof applyingthesamemodelto within-choiceeffects,whicharisewhenmultiple
optionsareavailable.In whatfollows,wewill considersingleandmultiattributechoicesunder
thisBayesianformalism.

Single attribute decisions
Here,weapplyBCVto explainwithin-choicecontextualinfluencesduring non-multiattribute
decisions.Thesecomprisechoicesin whichtrading-offdifferentattributeisnot required,as
for instancewhenoptionsaredefinedbyasingleattribute.Considerfirst howdifferentprior
expectations� � (i.e.,theprior expectationovertheaveragerewardof theattribute)andreward
uncertaintys2

� affectthechoicebetweentwo optionscharacterizedbyasingleattribute(Fig3).
Wecanexaminethepredictedproportion of choosingabetteroption (associatedwith high
reward� � ) comparedto aworseoption (associatedwith low reward�  ), asafunction of prior
expectation� � andrewarduncertaintys2

� . Classicaltheoriespredictaflat function because
theydo not modelaninfluenceof theprior mean� � andrewarduncertaintys2

� [1±4].In con-
trast,BCVpredictsbell-shapefunctionsoverprior expectations,thatpeakat theprior meanof
� � = (� � ±�  )/2 (Fig3). In thissetting,therewarduncertaintys2

� determinesthewidth of the
function (largeruncertaintiesproducenarrowerfunctions).Below,weanalyseconditions
wheremorethantwo optionsareavailable±andwithin-choicecontexteffectscomeinto play.

Classicaldecision-makingmodelspredictthat,during choice,thechoiceratio betweentwo
optionsshouldnot beaffectedby therewardassociatedwith athird option [1±4].However,a
recentstudyhaschallengedthishypothesis,highlightingwithin-choicecontexteffects[6].
Adoptingachoicetaskin whichthreeoptionswereavailableduring choice,thisstudyshowed
that thechoiceproportion betweenamorevaluableandalessvaluabletargetoption dimin-
ishedasathird option valueincreasedtowardsthevalueof thetargetoptions(Fig1A).After
thispoint, thechoiceproportion startedincreasing(Fig1A).

Fig 3. A: Generative model involved during choice between two options (characterized by a single attribute), one associated with high reward (RH = 10) and
the other with low reward (RL = 6). B: Proportion of choices of the better over choices of the worse option predicted by BCV (P[RH|RH,RL]/P[RL|RH,RL], as a
function of prior expectation ��C and reward uncertainty s2

�2 (100000 trials are simulated for each condition; s2
�# = 1 for simulations). BCV assumes a softmax

choice rule (with inverse temperature parameter equal to one for all simulations) and an equal probability for each option of being considered during the first
inference step. This shows bell-shape functions where peaks correspond to a prior mean expectation of (RH±RL)/2 and where the reward uncertainty s2

�2

determines the width of the function (smaller uncertainties are connected with narrower functions).

https://doi.org/10.1371/journal.pcbi.1005769.g003
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Here,weexaminetheimplicationsof applyingBCVin thisscenario.Fig4 illustratesthe
predictionsof BCVof theratio of choicesof thetwo targetoptions(abettertargetoption � �

andaworsetargetoption �  ) asafunction of therewardof athird option � 3 andasafunction
of theagent'sprior beliefabouttheaverageoption reward� � andabouttherewarduncertainty
s2

� . This figureshowsthatall thesevariablesexertaninfluence.First,for certainvaluesof
rewarduncertaintys2

� andprior mean� � , therewardof athird option � 3 influencesthechoice
proportion betweenthetwo targetoptionsaccordingto aU-shapefunction, in awaythat is
consistentwith empiricalfindings(Fig1A).Second,theimpactexertedby therewardof a
third option � 3 decreasesastherewarduncertaintys2

� increases.In otherwords,within-choice
contexteffectsemergeonly with smallrewarduncertaintys2

� . Thiscanbeexplainedby thefact
thatasmalls2

� magnifiesrewardpredictionerror (RPE),enablingcontextualeffectsto emerge.

Fig 4. A: Generative model involved during choice between two options, one associated with high reward (RH = 10) and the other with low reward (RL =
6) when a third option (associated with reward R3) is also available [6]. B: Proportion of choices of the better over choices of the worse option predicted
by BCV (P[RH|RH,RL,R3]/P[RL|RH,RL,R3]), as a function of the third option reward R3 and prior expectation ��C (100000 trials are simulated for each
condition; s2

�# = 1 for simulations). Here, the reward uncertainty s2
�2 was set to 0.1; C: The same simulation is reported except that the reward uncertainty

s2
�2 was set to one. D: The same simulation is reported except that the reward uncertainty s2

�2 was set to ten.

https://doi.org/10.1371/journal.pcbi.1005769.g004

Bayesian account of contextual effects

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005769 October 5, 2017 10 / 28

https://doi.org/10.1371/journal.pcbi.1005769.g004
https://doi.org/10.1371/journal.pcbi.1005769


Third, whentherewarduncertaintys2
� is sufficientlysmall,theprior mean� � comesinto play.

Overall,alargerprior mean� � increasesthechoiceproportion betweenthetwo targetoptions
(independentlyof therewardof athird option � 3). Furthermore,theprior mean� � exertsa
modulatoryinfluenceon theeffectof therewardof athird option � 3, astheeffectexertedby
� 3 isenhancedwith alargerprior mean� � . Notethatcontexteffectsexertedby � 3 areobtained
with � � = 0,whichcanbeconsideredadefaultvaluefor thisparameter.

Collectively,thesesimulationsprovideproof of principlethatBCVcanexplainwithin-
choicecontextualeffectsin single-attributedecisionsthatareremarkablysimilar to thoseseen
in empiricalstudies[6]. In whatfollows,wenowextendtheexplanatoryscopeof BCVto mul-
tiattribute problems.

Multiattribute decisions
Empiricalstudiesof multi-attribute decisionshavehighlightedthreeformsof effects,including
the�
�

��
�� [20±23],�������
	� [15,24±27],and�	���	�
�� effect[17,25,27].Here,we
applyBCVto multi-attribute decisionsandaskwhetherthepredictionsthatemergefrom the
modelreproducethecontexteffectsfoundempirically.To thisaim,weconsidertwo options
(e.g.,thetwo carsA andBdescribedabove)definedby two attributes(e.g.,price� andquality
!). Consideringtherewardamountsof carA, weassign� �," = 1 to price(low scoresindicate
highprice)and� !," = 10to quality.Conversely,whenconsideringtherewardamountsof car
B,weassign� �,# = 10to priceand� !,# = 1 to quality.Wenowconsiderthechoiceprobability
differencebetweenoption A andoption Basafunction of therewardamounts� �,$ and� !,$ of
athird option K.

Empiricalevidenceishardto reconcilewith standardmodelsof choice,whichpredictthat
thechoiceprobabilitydifferencebetweenoption A andoption Bshouldnot dependon the
valueof athird option K. Fig5A summarisestheempiricalfindingsbyplotting theprobability
of choosingA minustheprobabilityof choosingBasafunction of theattributesof athird
option K. Thisgraphshowsconditionsin whichthechoiceprobabilitydifferenceisbiggeror
smallerthanzero,illustratingbothasimilarity andanattractioneffect.Specifically,asimilarity
effectfavoursoption A whenoption K isgoodin priceandbadin quality(top-leftof the
graph),andfavoursoption Bwhenoption K isbadin priceandgoodin quality(bottom-right
of thegraph).An attractioneffectfavoursoption A whenoption K isbadin priceandhasan
averagequality(bottom-middleof thegraph),andfavoursoption Bwhenoption K hasan
averagepriceandisbadin quality(middle-leftof thegraph).

WecannowapplyBCVto modelchoicesin thisscenariobyanalysingtheinfluenceon the
choiceprobability(differencebetweenoption A andoption B) of theprior mean� � (weusean
equalprior meanfor bothattributespriceandquality;formally:� �� = � �! ), therewarduncer-
tainty s2

� (weuseanequalrewarduncertaintyfor bothattributespriceandquality;formally:
s2

�� ˆ s2
�! ), andtherewardamounts� �,$ and� !,$ , associatedwith priceandqualityrespec-

tively,of option K.
Fig5Billustratesthechoiceprobabilitydifference(betweenoption A andoption B) with

prior mean� � = 0 andrewarduncertaintys2
� ˆ 0:1.Focusingon areasof thegraphwherea

similarity effectcanbetested(i.e.,top-leftandbottom-right),weseethat thesimilarity effectis
reproducedbyBCV.Moreover,focusingon areasof thegraphswhereanattractioneffectcan
betested(i.e.,bottom-middleandmiddle-left),wecanseethat thiseffectcanalsobeexplained
byBCV.Collectively,thesesimulationsprovideproof of principlethat,for somesetsof values
of theprior mean� � andof therewarduncertaintys2

� , BCVexplainsbothasimilarity andan
attractioneffect.Notethat theseeffectsareobtainedwith � � = 0,whichcanbeconsidereda
defaultvaluefor thisparameter.
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Fig6A and6Bexaminestheeffectsof adoptingothervaluesof theprior mean� � (fixing the
rewarduncertaintys2

� to 0.1)in thisscenario.This figureshowsthatanattractioneffectis
obtainedwhentheprior mean� � issmaller(� � = �2 in our simulation),but no similarity effect
emerges.Conversely,asimilarity effectisevidentwhentheprior mean� � is larger(� � = 2 in
our simulation),but theattractioneffectvanishes.

Fig 5. A: Empirical evidence (derived from integrating data from available studies as in [19]) concerning the difference in probability between
choosing option A and option B when a third option K is available (P[A|A,B,K] �í P[B|A,B,K]). Here options are characterized by two attributes (price p
and quality q). For car A, we assign Rp,A = 1 to price (low scores indicate high price) and Rq,A = 10 to quality. For car B, we assign Rp,B = 10 to price
and Rq,B = 1 to quality. The graph considers the choice probability difference between option A and option B as a function of the reward amounts Rq,K

(for quality; x axis) and Rp,K (for price; y axis) of a third option K. Green areas indicate values for which no difference is expected based on empirical
evidence; orange and blue areas indicates values for which a positive and negative difference is expected, respectively. B: The same analysis is
performed with data simulated using BCV (100000 trials are simulated for each condition; ��C = 0; s2

�2 ˆ 0:1;s2
�# = 1 for simulations).

https://doi.org/10.1371/journal.pcbi.1005769.g005
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Fig6Cand6D illustratesthechoiceprobabilitydifference(betweenoption A andoption B)
for differentvaluesof therewarduncertaintys2

� (theprior mean� � wasfixedto zero).Wecan
seethatbothsimilarity andattractioneffectsarenot detectablewhenrewarduncertaintys2

� is
high.Forsmallervaluesof uncertainty,asimilarity effectemergesbut thereisno attraction
effect.Botheffectscanbeobtainedonly whentherewarduncertaintys2

� is sufficientlylow (Fig
5B).Thishighlightstheroleof therewarduncertaintys2

� in determiningthedegreeof contex-
tualeffects.

In summary,our analysesshowthat,whensimulatingmulti-attribute decisionswith BCV,
similarity andattractioneffectsemergefor appropriatevaluesof theprior mean� � andthe
rewarduncertaintys2

� . Thefirst parameterregulatesthebalanceof thetwo effects,asanattrac-
tion effect(but no similarity effect)isobtainedwhentheprior mean� � issmall,whilea

Fig 6. Predictions of BCV about the difference in probabilit y between choosin g option A and option B when a third option K is available (P[A|A,B,
K] �í P[B|A,B,K ]). Here options are characterized by two attributes (price p and quality q). For car A, we assign Rp,A = 1 to price (low scores indicate high
price) and Rq,A = 10 to quality. For car B, we assign Rp,B = 10 to price and Rq,B = 1 to quality. The graph considers the choice probability difference between
option A and option B as a function of the reward amounts Rq,K (for quality; x axis) and Rp,K (for price; y axis) of a third option K (100000 trials are simulated
for each condition; s2

�# = 1 for simulations). Different parameter sets are shown. A: Simulation using ��C = �í2 and s2
�2 ˆ 0:1.B: Simulation using ��C = 2 and

s2
�2 ˆ 0:1.C: Simulation using ��C = 0 and s2

�2 ˆ 1. D: Simulation using ��C = 0 and s2
�2 ˆ 10.

https://doi.org/10.1371/journal.pcbi.1005769.g006
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similarity effect(but no attractioneffect)isobtainedwhentheprior mean� � is large.Both
effectsemergefor intermediatevaluesof theprior mean� � , includingaprior mean� � = 0,
whichisadefaultvaluefor thisparameter.Therewarduncertaintys2

� playsakeyroletoo,
becausecontexteffectsvanishwhenthisparameterishigh.Decreasinglevelsof rewarduncer-
tainty s2

� revealasimilarity effectfirst andthenanattractioneffect.Theseresultsindicatethat
thesimilarity andattractioneffectsarisenaturallyfrom BCV,without any����	� assump-
tions±andundernaturalvaluesof modelparameters(prior mean� � rewarduncertaintys2

� ).
A compromiseeffect[17,25,27]hasbeenobservedwhenthechoicesetincludestwo

optionsscoringhigh in oneattributeandlow in another,in addition to athird option with
intermediatescoresfor bothattributes.Crucially,thethreeoptionsareequallypreferred(i.e.,
arechosenanequalamountof times)if presentedin pairsduring binarychoices.However,
whentheyareavailablealtogether,apreferencefor theoption characterizedby intermediate
scoresisseen.Wemodelthisscenariobymanipulatingthedistancebetweenattributesfor two
optionsA andB,namelyassigning� �," = 5 � � and� !," = 5+ � for option A, and� �,# = 5+ �
and� !,# = 5 � � for option B,wherethe��	%
�
�� ��������� � varies(acrosssimulations)
from zeroto four. To representtheoption with intermediatescoresfor both thetwo attributes,
weassign� �,$ = 5and� !,$ = 5.

Fig7A,7Band7Cshowsthepredictionof BCVusingthesesettingsduring binarychoices
betweenoption K andoption A, usingdifferentparametersfor theprior mean� � andthe
rewarduncertaintys2

� . Theresultsindicatethat thechoiceprobabilitydifferenceisalwayszero,
irrespectiveof thevaluesof theproximity parameter� or theparametersof themodel(prior
mean� � andrewarduncertaintys2

� ). Fig7D,7Eand7Fshowsthechoiceprobabilitydifference
betweenoption K andoption A, whenoption B isalsoavailable.Forcertainvaluesof the
parameters(prior mean� � andrewarduncertaintys2

� ), thisdifferenceiszerowith � = 0and
increaseswith theproximity parameter�. Thiseffectdisappearswhenrewarduncertaintys2

� is
too largeor whentheprior mean� � is too small.Overall,theseresultsshowthat thecompro-
miseeffectemergesnaturallyfrom BCV,without any����	� assumptionsandunderdefault
valuesof theparameters(prior mean� � andrewarduncertaintys2

� ). Interestingly,thesesimula-
tionspredictacorrelationbetweenthecompromiseeffectandtheproximity parameter�,
reflectingdifferencesbetweentheintermediateandextremeoptions.Thisphenomenonispre-
dictedbyanothermodelof thecompromiseeffect[19] but remainsto bevalidatedempirically.

In summary,thesesimulationsprovideproof of principle thatBCVpredictswithin-choice
contextualeffectsduring multiattributedecisionsthatareremarkablysimilar to thoseseenin
empiricalstudies.In otherwords,thesimilarity,attractionandcompromiseeffectsseen
empiricallyareall emergentpropertiesof BCV.In thenextsection,weturn from within choice
effectsandconsiderbetween-choicecontexteffects.

Between-choice context effects
To characterizebetween-choicecontext-effects[11], BCVusesthesamegenerativemodelas
above,characterizedbyaprior belief� � (hereweconsideronly optionsdefinedbyasingle
attribute)overreward(with uncertaintys2

� ) andbyanobservationof rewardamount� (with
uncertaintys2

� ). Here,thegenerativemodelisextendedto includeaGaussianobservationvar-
iableO that reflectscontextualinformation providedbeforeanoption ispresented(Fig8A).
Thisdependson thehiddencause� andisendowedwith uncertaintys2

& (asfor thereward
amount):

& � N …�; s2
&† …12†
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Asabove,weassumethatanagentinferstheposteriorexpectedrewardof optionsafforded
byagivencontext,basedon therewardamountbut alsonowon contextualinformation (i.e.,
m̂� j&;� ). Sincethelatterisprovidedbeforetheoption,weassumethat theagentinfersm̂� j0 first
andthenm̂� j&;� , whentheoption ispresented.Assumingaprior meanequalto zero� � = 0,

then:

m̂� j0 ˆ
s2

�

s2
� ‡ s2

&

& …13†

Fig 7. Predictions of BCV related to the compro mise effect, involving option A, B and K. Here, in relation with option A, we assign Rp,A = 5 �í d for price
and Rq,A = 5 + d for quality; in relation with option B, we assign Rp,B = 5 + d for price and Rq,B = 5 �í d for quality. The proximity parameter d varies across
simulations from zero to four. To represent the option K with intermediate scores for both the two attributes, we assign Rp,K = 5 and Rq,K = 5 (100000 trials are
simulated for each condition; s2

�# = 1 for simulations). A: The difference in probability between choosing option K and option A during binary choice (P[K|A,K] �í
P[A|A,K]). The reward uncertainty s2

�2 is set to 0.1 and different values of the prior mean ��C are considered. B: The same simulation is reported except that the
reward uncertainty s2

�2 was set to one. C: The same simulation is reported except that the reward uncertainty s2
�2 was set to ten. D: The difference in probability

between choosing option K and option A during choices in which option B is also available (P[K|A,B,K] �í P[A|A,B,K]). The reward uncertainty s2
�2 is set to 0.1

and different values of the prior mean ��C are considered. E: The same simulation is reported except that the reward uncertainty s2
�2 was set to one. F: The

same simulation is reported except that the reward uncertainty s2
�2 was set to ten.

https://doi.org/10.1371/journal.pcbi.1005769.g007

Bayesian account of contextual effects

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005769 October 5, 2017 15 / 28



And theposterioruncertainty:

ŝ 2
� j& ˆ s2

� �
s2

�

s2
� ‡ s2

&

s2
� …14†

Themeanof theposteriordistribution P(C|O,R)correspondsto:

m̂� j&;� ˆ m̂� j0 ‡
ŝ 2

� j&

ŝ 2
� j& ‡ s2

�

� � m̂� j0

� �
…15†

Implying thefollowing incentivevaluefor theoption:

� �…†ˆ
ŝ 2

� j&

ŝ 2
� j& ‡ ŝ 2

�

� � m̂� j0

� �
…16†

Thisshowsthat,otherthingsbeingequal,information aboutcontext(reflectedin thevalue
of O) inducessubtractivevaluenormalization.For instance,whencontextualcuesO supports
alargerreward,m̂� j0 will belargerandhencetherewardpredictionerror (i.e.,� � m̂� j0) will be

smaller.

Fig 8. A: Generative model where a contextual variable C reflects a prior expectancy of zero over the reward
mean, and a noisy observation O of the context value is provided. B: Generative model where context is
organized hierarchically and comprises a high level (HC; e.g., a neighbourhood) and a low level (LC; e.g., a
restaurant), both associated with noisy observations (HO and LO respectively).

https://doi.org/10.1371/journal.pcbi.1005769.g008
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An extensionof thisgenerativemodelis illustratedin Fig8B,wherecontextsareorganized
hierarchically.Combiningtheinfluenceof rewardexpectancieswithin ahierarchyallowsthe
generativemodelto explaintheimpactof contextatmultiple levels.For instance,thevalue
attributedto acertaindishmaydependon therewarddistribution associatedwith arestaurant
(amorespecificcontext),integratedwith therewarddistribution associatedwith acity (a
moregeneralcontext).In detail,ahigher-levelprior beliefabouttheaveragerewardamountof
options(e.g.,at thelevelof theneighbourhood)is representedbyaGaussiandistribution with
mean� �� equalto zeroanduncertaintys2

�� , from whichavalueHC issampled.Contextual
information aboutHC isprovidedandrepresentedbyHO that issampledfrom aGaussian
distribution with meanHC anduncertaintys2

�& . A lower-levelbeliefabouttheaveragereward
amountof options(e.g.,therestaurant)is representedbya(Gaussian)distribution with mean
HC anduncertaintys2

 � , from whichavalueLC issampled.Contextualinformation aboutLC
isprovidedandrepresentedbyLO,which issampledfrom aGaussiandistribution with mean
LC anduncertaintys2

 & . A rewardisobtainedandsampledfrom aGaussiandistribution with
meanLC anduncertaintys2

� .
Weproposethatagentsinfer theposteriorexpectation̂m � j�&; &;� P(LC|HO,LO,R)sequen-

tially byestimatingm̂�� j�& , m̂ � j�& , m̂�� j�&; & andfinally m̂ � j�&; &;� . Thisproducesanequation
for incentivevaluewith thefollowing form (seeMaterialsandMethodsfor derivation):

� …�†̂ $ …�� t  &  & � t �& �&† …17†

Threenormalizationfactorsareimplicit here.Thefirst ('  &  &) isasubtractivenormaliza-
tion factorproportionalto thevalueLO observedat thelow contextuallevel.Thesecond
(' �& �&) isasubtractivenormalizationfactorproportionalto thevalueHO observedat the
highcontextuallevel.Theterms
 representgain-dependenteffectsanddescribetherelative
precisionof information conveyedby thelow-level('  & ) andhigh-level(' �& ) observations.
Finally,athird factor(K) implementsdivisivenormalizationanddependson againterm
whichincludesrewarduncertainty(seeMaterialsandMethodsfor details).

In recentstudies[8±11],wehaveinvestigatedthenatureof contextualinfluenceon incentive
valuethatdependson rewardexpectationsestablishedbeforechoicepresentation(between-
choiceeffects).In thesestudies,wehaveusedasimpledecision-makingtask,whereparticipants
hadto repeatedlychoosebetweenasuremonetaryrewardandafifty-fifty gamble.Theseoptions
compriseddoublethesuremonetaryrewardandazerooutcome,ensuringthat thetwo options
hadequivalentexpectedrewardor value(EV).Acrossblocks,wemanipulatedthedistribution of
EVs,suchthat thesedistributionsoverlapped.Weanalysedchoicebehaviourwith EVscommon
to bothcontextsto examinewhetherincentivevalueattributedto theobjectiveEV changed
accordingto BCVpredictions.

In oneexperiment(Fig9A and9B;[8, 9]), in differentblocks,thesuremonetarygainwas
drawnfrom oneof two distinct,but partiallyoverlapping,distributionsof rewards(low-aver-
ageandhigh-averagecontext).Choicebehaviourwasconsistentwith attributing alarger
incentivevalueto commonEVsin thelow averagecomparedto high-averagecontext.This
andsimilarevidence[5±14,50]suggeststhat incentivevaluesare,to someextent,rescaledto
theaveragerewardexpectedin agivencontext,suchthat theyincrease(resp.decrease)with
smaller(resp.larger)averagerewardexpectations.

Thesedatafit within predictionsof BCV.In addition,BCVpostulatesabetween-choice
influenceof expectedrewardvarianceon incentivevalues(Fig9Cand9D). In arecentstudy
[11], weusedthesamegamblingtaskdescribedaboveandmanipulatedcontextualvarianceon
two levels;oneassociatedwith blockswheretwo targettrial EVswerepresented(low-variance
context),andanotherwith blockswherethesametwo targettrial EVsplusalargeranda
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smallerEV werepresented(high-variancecontext).Crucially,thisensuredthat thetwo con-
textshadequivalentaveragerewardbut differentvariance.BCVpredictsthat theincentive
valueof thesmallertargettrial EV will belowerin thelow-variancecomparedto thehigh-vari-
ancecontext,andtheincentivevalueof thelargertargettrial EV will behigherin thelow-vari-
ancecomparedto thehigh-variancecontext.In otherwords,BCVpredictsalargervalue
differencebetweenthetwo targettrial EV in thelow comparedto high-variancecontext.This
derivesfrom thegainterm,whichdependson contextualrewardvariance.Specifically,low
variancemagnifiestherewardpredictionerror andhencefurther reducesthevalueof rewards
thatarelowerthanexpectedandenhancesthevalueof rewardsthatarelargerthanexpected.
Wehavepreviouslyprovideddatathatareconsistentwith thisprediction[11].

This latterstudysupportsthehypothesisthatbetween-choicerewardvarianceinfluences
incentivevalueconsistentwith BCV.In thesamestudy(Fig9Eand9F;[11]), wealsoreported
thatbetween-choicecontexteffectscanbeexpressedatdifferenthierarchicallevels,in line
with predictionsof BCV.Participantsplayedacomputer-basedtask,wheretwo decksof cards
(representingalow-levelcontext)appeared.Eachcardwasassociatedwith amonetaryreward,
anddeckscontainedcardswith differentaveragerewards.A cardwasdrawnfrom aselected
deckandparticipantshadto choosebetweenhalfof thecardrewardfor sureandagamble
betweenthefull rewardandazerooutcome,eachwith 50%chance.Two setsof decks(repre-
sentingahigh-levelcontext)alternatedin apseudo-randomway.Theempiricaldatashowed

Fig 9. Between-choice effects (predicted by BCV) that depend on contexts with different averages. Contexts are associated with certain distribution
of rewards presented sequentially over trials (arranged in blocks for each context). A: Example with a single hierarchical level, where two contexts have
different average rewards. In blocks associated with a low-average context (LA; in lighter grey), possible rewards are x, x+1 and x+2; in blocks associated
with a high-average context (HA; in darker grey), possible rewards are x+1, x+2 and x+3. B: BCV prediction of the incentive value attributed to rewards
depending on these contexts. Larger values are predicted in the LA compared to the HA for amounts common to both contexts. C: Effects predicted by
BCV dependent on contexts with different variance. In blocks associated with a high-variance context (HV; in lighter grey), possible rewards are x, x+1 x+2
and x+3; in blocks associated with a low-variance context (LV; in darker grey), possible rewards are x+1 and x+2. D: BCV prediction of the incentive value
attributed to rewards depending on these contexts. Considering rewards common to both contexts, BCV predicts higher incentive value for x+1 in the high-
variance context and for x+2 in the low-variance context. E: Example with two hierarchical levels (low-level (LL) contexts, represented by filled rectangles,
and high-level (HL) contexts, represented by frames). Blocks associated with HL contexts comprise several sub-blocks associated with LL contexts having
specific average reward. In the HL context with low-value (HL-LA; light frame), a LL context with low average (LL-LA, where rewards are x, x+1 and x+2)
and a LL context with medium average (LL-MA, where rewards are x+1, x+2 and x+3) alternate. In the HL context with high-value (HL-HA; dark frame), a
LL-MA context and a LL context with high average (LL-HA, where rewards are x+2, x+3 and x+4) alternate. F: BCV prediction of the incentive value
attributed to rewards depending on these contexts. The fill colour of bars represent the LL context condition, the outline colour represent the HL context
condition. BCV predicts that incentive values derive from integrating both hierarchical levels, with larger values emerging when average reward is lower at
both context levels.

https://doi.org/10.1371/journal.pcbi.1005769.g009
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that thelowestincentivevalueswereattributedwhenbothhigh-valuedecksanddeck-sets
weresimultaneouslypresented,while thehighestincentivevalueswereattributedwhenlow-
valuedecksanddeck-setsweresimultaneouslypresented.Intermediateincentivevalueswere
attributedwhendecksanddeck-setshadonehighvalueandtheotherlow value.

Collectively,theseempiricalstudiesprovideevidenceconsistentwith between-choicecon-
textualeffectson incentivevaluethatdependson beliefsabouttheaveragerewardandvari-
anceexpectedacrosschoicesatmultiple hierarchicallevels.Furthermore,theempirical
findingsendorsethepredictionsderivedfrom BCV.

Discussion
WeadvanceBCVasaunifying theoryof contextualeffectsin value-basedchoiceunderthe
normativeprinciplesof Bayesianstatistics.BCVassumesthat thebrain callson Bayesianinfer-
enceto invert agenerativemodelandcompute(independentlyfor eachattribute)theaverage
rewardbasedon observingdifferentrewardamountsof optionsthatareavailablein agiven
context.Our keyproposalis that incentivevalueemergesduring this inferentialprocess,and
correspondsto aprecision-weightedrewardpredictionerror.Here,weshowthat theseprinci-
plesaresufficientto explainawiderangeof between-choiceandwithin-choicecontextual
influences;in thelattercaseencompassingbothsingleandmultiattributeeffects.To our
knowledge,this is thefirst time atheoryhasbeenappliedto thefull rangeof contexteffects.

An important advantageof BCVis its groundingin normativeprinciplesof Bayesianstatis-
tics[32±37].Severalargumentshavebeenmadein supportof aBayesianapproach.Theseare
basedon aformalandcleardefinition of thefunctionsthatmotivatecognitiveprocesses,
whichareformulatedasBayesianinferenceandlearning.ThisallowsBCVto establishadirect
link with Bayesianschemesin otherdomains±asteptowardsformulatingaunifying theoryof
brain function.Remarkably,weshowthat thesamebasicprocessespostulatedbyBCVcanbe
appliedto awiderangeof conditionsin whichcontextualeffectson valueandchoiceare
involved.Beyondexplainingtheavailableempiricalevidence,thisschemecangeneratenew
hypotheses(seebelow).Indeedoneof our previousstudies[11] wasmotivatedby testingpre-
dictionsarisingout of our initial formulationsof BCV.

BCVisassociatedwith planningasinferenceandactiveinference[40±45].Thebasicideais
thatanagentconsiderstherewardson offerassamplesdrawnfrom apopulation.Thelatteris
not knowndirectly,but canbeinferredbasedon therewardson offer.Heuristically,agentsare
interestedin inferring howmuchrewardisavailableon agiventrial, whichtheyestimateby
combiningprior expectationswith observationsof availablerewards.On thisview,agentspri-
marily aim to 
����±and not maximize±thereward;implying thatutility-maximizationisan
emergentprocess.Wearguethatanadvantageof thisperspectiveis that it offersanormative
interpretationof contextualeffects,whichemergefrom theinferentialtreatmentofferedhere.

Althoughour theoreticaltreatmentisgroundedin Bayesianinferenceonemight arguethat
theBayesianglossisunnecessaryto understandtheparticularinferentialmechanismswehave
calledupon[51]. To acertainextent,thereis tautologyin Bayesianexplanationsfor behaviour.
This followsfrom thecompleteclasstheorem(i.e.,for everylossfunction andbehaviourthere
isaprior beliefthat rendersthebehaviourBayesoptimal) [52]. In otherwords,in principle,
everythingisBayesoptimalundersomepriors.Thismeansthat theinterestingquestions
reduceto theform of prior beliefsthatconstituteasubject'sgenerativemodel.Our focushas
beenon theform of thesemodelsandtheparticularroleof precisionweightingin beliefupdat-
ing andchoice.Theresultsof our analysisareconsistentwith empiricaldataon severalforms
of contexteffect,andhencemaycontributeto aclarificationof thecomputationalprinciplesat
play.
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In BCVincentivevalue,andin turn choicebehaviour,emergesfrom Bayesianbeliefupdat-
ing.Undercontinuousstatespacemodelsof thehiddencausesof rewardvalues,beliefupdates
andincentivevaluecanbecastasprecision-weighted(reward)predictionerror.A possibility
consistentwith BCVis thatactionissteeredby (precision-weighted)predictionerrorsandis
orientedto error cancellation,with approachandavoidanceresponseselicitedbypositiveand
negativepredictionerrors,respectively.Thecrucialroleof predictionerror highlightsaper-
spectivein which incentivevalueis inherently��
��
(� with respectto rewardexpectation.Elic-
iting approachandavoidancebehaviourin responseto positiveandnegativepredictionerrors
canbeconceivedasabasicerror-cancellationprocess(crystallizedduring evolutionof biologi-
calorganisms),which isacoretenetof activeinferenceschemes.

BCVpostulatesthat thetwo fundamentaldeterminantsof incentivevalueareprediction
error andrelativeprecision.A predictionerror isdeterminedby thedifferencebetweenthe
observedandexpectedrewardwhich,in BCV,derivesfrom integratingdifferentexpectations
undercontextualuncertainty.Relativeprecisiondependson the(relative)precisionor prior
confidence±andensuresthat thepredictionerror isnormalisedand(Bayes)optimally
weightedin relationto uncertaintyaboutbothcontextandrewardcues.BCVpredictspreci-
sionexertsaninfluencein two ways.First,athighhierarchicallevels,precisiondeterminesthe
optimal integrationof multiple contextualrepresentations±asit mandatesthatcontextschar-
acterizedbyahighprecision(greaterreliability) will exertmoreinfluenceon rewardexpec-
tancy.For instance,if weassumethatsubjectshaveveryprecisebeliefsaboutthelow-level
context(e.g.,thecarddeckin thefinal experimenton between-choicecontexteffects),then
theeffectof thehigh-level(e.g.,thedeckset)will disappear.Formally,this isbecausein the
hierarchicalmodelthelow-levelcontextconstitutesaMarkovblanketfor theposteriorexpec-
tation abouttherewardoption (Bishop,2006).In otherwords,theeffectof thehigh-levelcon-
text tellsusthat if subjectsareusingahierarchicalmodel,theremustbeposterioruncertainty
aboutthelow-levelcontext.Heuristically,eventhoughtheycanseewhichdecktheyarecur-
rentlyplayingwith, theystill nuancetheir expectationsaboutthisdeckbaseduponthedeck-
setfrom whichit came.Second,at thelowesthierarchicallevel,precisiondeterminesthegain
assignedto thepredictionerror andhenceisadirectdeterminantof incentivevalue.

Within BCV,theratio betweenrewarduncertaintyandprior uncertaintydeterminesthe
gainterm (or relativeprecision)whichisusedfor beliefupdating(seeEq6).Thismeansthat
manipulatingtheprior uncertaintyproducesexactlyoppositeeffectscomparedto manipulat-
ing therewarduncertainty,meaningthatvaryingoneduring simulationsissufficientfor test-
ing thepredictionsof themodel(above,wemanipulatedrewarduncertaintyandkeptthe
prior uncertaintyconstant).ThusBCVhasonly two parameters;namely,theprior meanand
rewarduncertainty.Theroleof thelatter isstraightforward,ascontexteffectsareallowedonly
with smallrewarduncertainty,andthesizeof theseeffectsdecreaseswith this rewarduncer-
tainty.Theroleof theprior meanismorecomplex:for instance,alargeprior meanpermitsa
similarity effectbut interfereswith anattractioneffect,whileasmallprior meanallowsan
attractioneffectbut interfereswith asimilarity effect.Notably,all contextualeffectsare
expressedwhensettingtheprior rewardexpectationto zero,whichcanbeconsideredthe
defaultvalue.In short,relyingon only two parametersendowsBCVwith simplicityandcon-
strainsthepredictionsthatcanbederived,makingBCVeasyto validateor falsify(seebelow).

Comparison with other models
Wehaveshownthat theprinciplesunderlyingBCVcanexplainawiderangeof empiricalfind-
ingson thecontextsensitivityof value-basedchoice.Severalpreviousaccountshavefocused
on asinglecontexteffect,especiallyduring multiattributedecisions.Somemodelshavebeen
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developedexplicitlyfor explainingthesimilarity effect[20,53±55],othermodelsfor explaining
theattractioneffect[56,57],andothermodelsfor thecompromiseeffect[27]. However,a
shortcomingof thesemodelsis their inability to explainall threeeffectswithin asingleformal
framework.More recently,adoptingconnectionistarchitectures,themulti-alternativedecision
field theory[16,58,59]andtheleakycompetingaccumulator[19,59,60]havebeenableto
reproduceall threeeffects(seealso[61]). Thefirst model[16,58] isbasedon aprocessmodel-
ling attentionalswitchesacrossattributesandacomparatormechanismwhich,for theattri-
buteunderattention,computesthedifferencebetweentherewardof eachoption andthe
meanrewardacrossoptions.Thesecondmodel[19,59,60] issimilar,exceptthat thecompara-
tor appliesanon-linearasymmetric(loss-averse)valuefunction to thedifference.Although
thesemodelsfit remarkablywith empiricalliteratureandshedlight on theneuralmechanisms
underlyingchoice,wearguethatBCVpresentsseveraladvantages.First,it isbasedon norma-
tiveprinciplesof Bayesianinference.Thisconstrainsthemodelin termsof empiricalpredic-
tions.In otherwords,thesimilarity,attractionandcompromiseeffectareimplicit in theway
themodelworks.In fact,theseeffectsarisewhendefaultsparametersareused.Second,BCVis
amoreparsimoniousmodel;asthenumberof freeparametersismuchlower(essentially,the
prior meanandtherewarduncertainty).Third, without anyfurther assumptions,BCVapplies
to awider rangeof phenomenaincludingsingle-attributedecisionsandalsoaccountsfor
between-contexteffects.Overall,whilepreviousconnectionistmodelsareinformativeespe-
ciallyat theimplementationlevel,BCVhelpsclarifycontextsensitivityat thealgorithmicand
computationallevel.

Theconceptof ���
�� in expectedutility theory[3] and������ !�	 in prospecttheory[62]
havebeenrecentlyre-castedin termsof averageexpectedreward[29]. This formulationopens
thepossibilityof contexteffectsdependenton changesin rewardexpectation.In line with this
view,empiricalevidenceindicatesabetween-choicecontexteffectthatdependson theaverage
contextualreward(asfor exampleinferredfrom pastchoices),consistingin attributing larger
incentivevaluesin contextscharacterizedby lowerreward.A similar ideahasinspireddecision
bysamplingtheory[14,31],whichevokesafewbasiccognitiveprocessesto explainchoice
behaviour.Accordingto thismodel,eachchoiceoption elicitsretrievalfrom memory(in the
form of randomsampling)of stimuli encounteredin thepast,especiallythoseassociatedwith
thecurrentcontext.A setof binarycomparisonsfollowsbetweentheoption andthesamples,
andthenumberof comparisonsin whichtheoption is favouredovereachsampleis recorded.
Thisnumbercorrespondsto theincentivevalueof theoption andiscomputedfor all options
available,hencedeterminingtheir relativepreference.Sincesamplesaredrawnfrom memory,
theydependon pastexperienceandthereforereflectthedistribution of optionsandoutcomes
characterizingtheenvironmentof anagent.Thismodelcanaccountfor anattribution of
largerincentivevalueto thesamerewardin contextswherelowercomparedto higherreward
isexpectedbeforeoptionsareprovided.Thiseffectisexplainedbyadecreasedlikelihood,
in theformercomparedto thelattercontext,of samplingstimuli from memorythatarepre-
ferredto rewardscommonto bothcontexts(assumingarecencyeffectin memorysampling;
[14,31].BCVextendstheseviewsbyappealingexplicitlyto Bayesianprinciples(i.e.Bayesian
beliefupdatingandevidenceaccumulation),with implicationsfor empiricalpredictions.For
instance,contraryto BCVandempiricalfindings,it remainsunclearwhethertheseprevious
modelscanaccountfor between-choicecontextualinfluenceof rewardvarianceor anywithin-
choicecontextualeffects.

Divisivenormalizationtheory[6, 63±68]hasbeenproposedrecentlyto explainboth
between-choiceandwithin-choicecontextualeffectsduring singleattributedecisions.Divisive
normalisationwasfirst proposedin thesensorydomainto explainphenomenasuchasneural
adaptationwithin theretinato stimuli of varyingintensity[63]. Thereisevidencethatsimilar
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principlescanexplainhigher-ordercognitiveprocesses,suchasselectiveattentionandpercep-
tualdecision-making[63,69].Recently,divisivenormalisationhasbeenextendedto contextual
adaptationeffectsin value-guidedchoice[6], andproposesthat incentivevaluecorrespondsto
therewarddividedby theaveragerewardof pastor currentchoices.Thiscanexplaincontextual
influenceselicitedbothwithin-choiceeffectsduring non-multiattributedecisionsandbetween-
choiceeffectsthatdependon theaveragecontextualreward.Thoughthisschemerelieson a
normalizationschemesimilar to BCV,differentempiricalpredictionsarise.It remainsunclear
whetherthisdivisivenormalizationschemeisableto explainbetween-choiceeffectsderiving
from rewardvariance,andcanexplaindataon multi-attribute choices.In addition,BCV,but
not divisivenormalizationtheory,isbasedon normativeprinciplesof Bayesianstatistics.How-
ever,anattractiveaspectof divisivenormalizationtheoryis theexplicitconnectionwith mecha-
nismscharacterizingbiologicalneuralprocesses[63]. A similarconnectioncanbemotivated
for BCV,givenseveralproposalsshowinghowBayesianinference(theframeworkof BCV) is
compatiblewith neuronalprocesses[49,70,71].

Themannerin whichBCVconceptualizesincentivevalueissimilar to recenteconomic
modelsthatpostulateincentivevalueisadaptedto thestatisticsof theexpectedrewarddistri-
bution [29,30].Thesetheoriescanbebroadlyclassifiedinto thosebasedon subtractivenor-
malization,whichassumethat incentivevaluecorrespondsto therewardminusareference
value[29], andthosebasedon divisivenormalization,assumingthat incentivevaluecorre-
spondsto therewarddivided(or multiplied) by therangeof anexpecteddistribution of
rewards[30]. An important differencebetweenBCVandthesetheoriesis thederivationof the
formerbut not thelatterfrom normativeassumptionsof Bayesianinference.FromBayesian
beliefupdating,BCVderivesthepropositionthat incentivevaluecorrespondsto precision-
weightedpredictionerror,henceimplying bothasubtractivenormalizationto theexpected
rewardandadivisivenormalizationwith respectto therewarduncertainty.Importantly, these
predictionsarenot �� �	� but derivefrom Bayesianassumptions,distinguishBCVfrom other
models,andhavebeenrecentlysupportedempirically[11]. In addition,whiletheserecenteco-
nomicmodelsfocuson between-choicecontexteffects,BCVismoregeneralasit canrepro-
ducewithin-choiceeffectsin bothsingleandmultiattributedecisions.

LikeBCV,arecentproposalhasinterpretedmulti-attribute within-choiceeffectsbasedon
thenotion thatperceptionof rewardisstochastic[72]. Theideais that,for eachattribute,an
agentformsnoisyobservationsof rewardamountsandof theordinal positionsof thereward
amounts.Multi-attribute effectscanthenbeobtainedby integratingthesetwo observations
[72]. ThoughthereareanalogiesbetweenBCVandthemodelof Howesetal.[72], weempha-
sizeseveralimportant differences.First,thelatterdoesnot employaBayesianframework,
sinceit isnot basedon integratingprior beliefsandobservations,nor it isbasedon optimal
weightingof differentsourcesof information (asin multi-sensoryintegration).Second,the
modelof Howesetal.[72] hasbeenappliedto aspectsof multi-attribute effects(suchasthe
impacton reactiontimes),whichremainto beexploredwith BCV.On theotherhand,the
modelof Howesetal.,[72] remainsto beexploredin relationto within-choiceeffectsinvolv-
ing asingleattributeandin relationto between-choiceeffects.

Predictions and limitations of BCV
Specificempiricalpredictionscanbederivedfrom BCV,andherewehighlightsomeof these.
Standardeconomictheoriesassumethatchoiceshouldbeindependentof whetheroptionsare
presentedsimultaneouslyor sequentially.However,thelattercaseremainslargelyto beinves-
tigated.BCVmayinspirethis investigation,asit predictsthatahighervaluewill beattributed
to anoption afterpresentationof lowervalueoptions.ThisbecauseBCVproposesasequential
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beliefupdatingin whichoptionsconsideredsofar contextualizetheoption observednow.Other
predictionsinvolveinteractionsregardingbetween-andwithin-choiceeffects.Forexample,con-
sidertheexampleabovein whichanagentusuallyevaluatesequallycarA (expensiveandhigh
quality)andcarB(cheapandlow quality).Onemaydesignanexperimentwhereparticipantsare
first exposedto asetof carshavingafixedlevelof qualityandvaryingon price.BCVpredictsthat
thismanipulationwoulddeterminealowerrewarduncertaintyfor qualitycomparedto price.In
otherwords,qualitywouldbecomemoresalientthanprice,predictingapreferencefor carA
overcarB.In addition,BCVpredictsotherformsof interactionsregardingbetween-andwithin-
choiceeffectsdependenton manipulationsof therewarduncertaintyandtheprior mean(see
above),whichalsoremainto beexploredempirically.Finally,BCVmayberelevantfor research
on theneuralunderpinningsof decision-making.A mainaspectof this theoryis theideathat
incentivevaluecorrespondsto aprecision-weightedrewardpredictionerror. Interestingly,
rewardpredictionerror is reflectedin activityof brain regionsinvolvedin rewardprocessing
[73].BCVraisesthepossibilitythatastimuluswhichelicitsastrongerpredictionerror response
in thebrainwill beattributedahigherincentivevalue.

Thereareshortcomingsto BCV,thoughwearguethat thesameframeworkmaybefruit-
fully usedto addresssomeof theseshortcomings.A shortcomingof our currentformulation
assumesthatmodelparametersaregiven.In reality,theseparametersneedto belearnedin the
first place.Questionsaboutthemechanismsthatmight underpinlearningof generativemod-
elsadoptedfor Bayesianinferencearestill largelyopen,thoughsubstantialcontributionsexist,
particularlyin thecontextof structurelearning[74±80].A secondshortcomingis thatherewe
haveassumedthatchoicesoccurafterinferencehasconsideredall observations.An important
extensionof BCVisaconsiderationthatactiontendenciesactuallydevelopduring evidence
accumulation,andthisspeaksto modelsof choicethat focuson actiondynamics,sequential
policyoptimisationandreactiontimes[16,46,47].Another important extensionof BCV
wouldbeto generalizeto domainsoutsideincentivevaluecomputation.Contexteffectssimilar
to thoseobservedin value-baseddecision-makinghavebeenreportedin manyothercondi-
tionsduring perceptionandjudgement[81±84].Notably,multi-attribute contexteffectshave
beenrecentlyshownoutsideincentivevaluecomputation[85,86],suggestingthat theymay
derivefrom ageneralwayin whichthebrain works[61].

Conclusions
WeofferBCVasaunifying theoryof contextualeffectsduring choicebehaviourbasedon
Bayesiannormativeprinciples.BCVpredictionsarein line with availableempiricalevidence
aboutcontextsensitivityseenempiricallybothwithin andbetween-choice.Thesedifferent
effectsareexplainedusingthesamesimplesetof principles,invokingminimal assumptions.
Wearguethatstrengthsof thismodelareits foundationon normativeprinciples,simplicity,
thelink with otherinfluentialmodelsof brain function,andtheability to explainawiderange
of empiricaldata.This theorymayhelpclarify thenatureof incentivevalueattribution and
choicebehaviour.This isparticularlyprescientwhentrying to understandecologicalphenom-
enaandpsychopathologiescharacterizedbydysfunctionalchoice,suchasaddiction.

Materials and methods
HerewederiveEq17from thegenerativemodelshownin Fig9B.A higher-levelcontextual
variable(e.g.,aneighbourhoodcontainingseveralrestaurants)is representedbyaGaussian
distribution with mean� �� equalto zeroanduncertaintys2

�� , from whichavalueHC issam-
pled.SensoryevidenceaboutHC isprovidedandrepresentedbyHO whichissampledfrom a
Gaussiandistribution with meanHC anduncertaintys2

�& . A lower-levelcontextualvariable
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(e.g.,oneof therestaurants)is representedbya(Gaussian)distribution with meanHC and
uncertaintys2

 � , from whichavalueLC issampled.SensoryevidenceaboutLC isprovided
andrepresentedbyLO,whichissampledfrom aGaussiandistribution with meanLC and
uncertaintys2

 & . A rewardisobtainedandsampledfrom aGaussiandistribution with mean
LC anduncertaintys2

� . Theposteriordistribution P(LC|HO,LO,R)canbeinferredsequen-
tially in theorderP(HC|HO),P(LC|HO),P(LC|HO,LO),andP(LC|HO,LO,R).Theposterior
meanof P(HC|HO) is:
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And theposterioruncertainty:

ŝ 2
�� j� 0 ˆ s2

�� �
s2

��

s2
�� ‡ s2

�&

s2
�� …19†

Theposteriormeanof P(LC|HO)isequalto m̂�� j� 0 (m̂ � j� 0 ˆ m̂�� j� 0), while theposterior
uncertaintyis:

ŝ 2
 � j� 0 ˆ ŝ 2
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Theposteriormeanof P(LC|HO,PO)is:
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ŝ 2
 � j� 0; & ˆ ŝ 2
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ŝ 2
 � j� 0 …22†

Theposteriormeanof P(LC|HO,LO,R)is:
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ŝ 2

 � j�&; &
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Finally,with fewrearrangements,weobtainthefollowing incentivevaluefor areward
offer:
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Thisequationimplementsthreenormalizationfactors:(i) asubtractivenormalizationfac-

tor
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proportionalto thevalueLO observedat thelow contextuallevel,(ii) a
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observedat thehighcontextuallevel,(iii) adivisivenormalizationfactor
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�
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capturestheweightingdependenton the(relative)rewarduncertainty.If wedefinethethree
factorsas'  & and' �& andK respectively,weobtainEq17.
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