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Abstract

Theamygdalahasrepeatedlybeenimpli-
catedin emotionalreactionsand in learn-
ing of new emotionallysignificantstimuli.
Thesystemformsanimportantpartof mo-
tor learningas well as attention. This pa-
perpresentsa neurologicallyinspiredcom-
putationalmodel of the amygdalaand the
orbitofrontalcortex thataimsto partiallyre-
producethesamecharacteristicsasthebio-
logical system.This modelhasbeentested
in simulations,theresultsof which arepre-
sented.

1. Intr oduction

The amygdalais a small structurein the medial
temporallobe that is thoughtto be responsiblefor
the emotionalevaluationof stimuli (Rolls, 1995)
This evaluationis in turn usedasa basisfor emo-
tional states,for emotionalreactionsandis usedto
signalattentionandlaying down long-termmemo-
ries.Asabrainstructure,theamygdalais old (it can
bereadilyidentifiedin fish,for example),andfairly
uniformin large-scalestructureacrossspecies(Mc-
Donald,1992).

We believe that theamygdalo-orbitofrontalsystem
implementspart of a two-processmodelof learn-
ing, asdescribedby Mowrer (Mowrer,1973).This
approachseparateslearning into first a stimulus-
emotionalsystemthat evaluatesincomingstimuli,
and a secondlearningsystemthat usesthis eval-
uationasa reinforcerfor stimulus-responselearn-
ing. Amongtheadvantagesof this approachis that
themotivationto respondandtheresponseitself are
cleanlyseparated(Rolls,1986)

As partof our investigation,we have implemented
a computationalmodelof theamygdalaandtheor-
bitofrontalcortex, andaretestingthis in simulation.

This is not a detailedphysiologicalmodel, even
thoughit sharesits larger-scalestructurewith that
of therealamygdalo-orbitofrontalsystem;instead,
our aim is to make useof neurophysiologicaldata
to constructa functional model of emotionalpro-
cessingaspartof a generallearningsystem.

Anotherpaperon this model,with a strongerem-
phasisontheneurophysiologicalside,canbefound
in (BalkeniusandMorén,2000b).For anoverview
of theamygdalo-orbitofrontalsystemasa partof a
largermotivationalsystem,see(MorénandBalke-
nius,2000).

2. Physiology

Theprevailing view of theamygdalais thatit is re-
sponsiblefor emotionalprocessing(LeDoux,1995;
Rolls,1995).It hasextensiveinterconnectionswith
many otherareas,especiallyhighersensorycorti-
cal areas,smell and taste,and the basalganglia
(assumedto handlereinforcementof motoractions
(Gray,1995;Houk et al., 1995)). This makesthis
structurevery well placedto handlecomplex eval-
uationof multi-modalcombinationsof stimuli.

It is believed that the amygdalahasseveral func-
tions. Thereis evidenceboth for a role in direct-
ing attentionaswell asfor laying down long-term
memories.Our interestin thisstructureis currently
focusedon its functionasanevaluatorof emotion-
ally significantstimuli, however.

The orbitofrontalcortex is thoughtto inhibit inap-
propriateresponsesfrom the amygdala,basedon
thecontext givenby thehippocampus.

2.1 The amygdala

The amygdala is organized mainly in a feed-
forward fashion,i.e. thereis extensive flow from



the lateraland basalareasto the medial andcen-
tral areas,and lessinformation flow in the oppo-
sitedirection(figure1. The lateralandbasalareas
arecortex-likeandreceiveinputsfrom many higher
sensorycortices,such as the prefrontal temporal
cortex andtheolfactorybulb. Theseareashave ex-
tensive interconnections,andproject into the cen-
tral and medial areathe centraland medial areas
thatarenoncortex-like. Thecentralandthemedial
nuclei receive partially different projectionsfrom
thelateralamygdalaandprojectinto thebrainstem
andthehypothalamus(McDonald,1992).
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Figure 1: The large-scalestructureof the amyg-
dala. Of interestis the extensive interconnections
betweenthecortex-likenucleiandthefeed-forward
flow betweenthecortex-likeandnoncortex-likenu-
clei. Redrawn from (McDonald,1992).

The amygdalareactsto a numberof innatestim-
uli that have an a priori emotionalcharge,suchas
hunger, pain, certainsmellsandotherstimuli that
areintrinsically important. Whenever sucha stim-
ulus is encountered,the amygdalawill elicit a set
of responsesthatareusedin motor learningandin
theattentionsystems.Oneparticularsetof stimuli
is recieved directly from the thalamus,ratherthan
from thesensorycortices(McIntoshandGonzalez-
Lima, 1998; LeDoux, 1995). This works as an
early, fastsensoryclassificationsystem(seesection
5).

Thusfar the systemis not muchmorethana gen-
eratorof simple punishmentsand rewards. What
makes the amygdalaimportantis that it is instru-
mentalin learningnew associationsbetweenemo-
tionally chargedandneutralstimuli. Whenever a
neutralstimulusoccursin closetemporalproxim-
ity to anemotionallychargedstimuli, this stimulus
will itself subsequentlybeableto elicit thatsameor
asimilar reaction.

Thereis ampleevidencethat learningdoesoccur
in the amygdala.Experimentsby Weiskrantz(de-
scribedin (Rolls, 1986))shows that animalswith

a bilateral lesion in the amygdalacan no longer
acquirean emotionalreactionto novel stimuli in
the presenceof an aversive stimuli. (Rolls, 1992)
reviews evidence that bilateral damageproduces
effects similar to the Kl üver-Buchy syndromein
monkeys, resultingin tameness,lack of emotional
responses,lossof appetiteandconsumingof pre-
viously rejectedfoods(Kolb andWhishaw, 1990).
Especiallyinteresting,the monkeys are unableto
learnanactiveavoidancetask,wherea light would
signaltheimminentonsetof achockunlessthesub-
ject actively avoidedit, a clearindicationthat they
wereunableto associatethelight with fear.

2.2 The orbitofrontal cortex

We view this evaluative systemascomposedof at
least two interactingparts: the amygdalaand the
orbitofrontalcortex. Whereasthe amygdalalearns
appropriateassociationsbetweenneutralandemo-
tionally chargedstimuli, theorbitofrontalcortex in-
hibitstheexpressionof theseassociationsasneeded
dependingon context andotherfactors.

The orbitofrontal cortex is known to inhibit areas
it is connectedto, andit hasextensive interconnec-
tionswith thehippocampus.Therearealsoconnec-
tionsbothto andfrom theamygdala.(Shimamura,
1995)hasarguedthat the role of the corticalareas
is to inhibit posteriorareaswhenevertheir reactions
aredeemedinappropriatedueto changingcontext
or reinforcement.

Someevidencefor this comesfrom patientswith
a damagedorbitofrontalcortex. Shimamuratested
patientsontheWisconsincardsortingtest.Patients
areaskedto sortcardsaccordingto anunknowncri-
teriasuchascoloror value;thesubjectswouldonly
be told if a givencardhasbeencorrectlysortedor
not. Whenthepatienthasfiguredout therule, it is
changedby the experimenter. Subjectswith these
lesionsarethenunableto changetheir own sorting
rule,evenwhenthey canverbalizethattherule has
changed.

More evidenceis foundin (Diaset al., 1997).Dias
et al. shows that inhibitory processescanbefound
in many regionswithin the prefrontalcortex, and
that theorbitofrontalcortex is especiallyimportant
in theinhibition of emotionalreactions.

3. The Model

Thereseemslittle doubtthatemotionallearningoc-
cursin theAmygdala,with first-orderconditioning



betweenprimary and secondarystimuli, and per-
hapsalso betweensecondarystimuli. Also, ev-
idencesuggeststhat thesefunctions are partially
separated,with theorbital corticalareasimplicated
in secondaryconditioning.

We have attemptedto capturethesefeaturesin a
computationalmodelsuitablefor comparisonsbe-
tweenneurophysiologicaldataandsimulations.We
hope that this approachwill enableus to attain
a clearerunderstandingboth of the functions of
the amygdalaandof the limitations of the model;
this would have beendifficult to accomplishwith a
modelthatis not testablein simulation.

The model is divided into two parts,very roughly
correspondingto the amygdala and the orbital
frontal cortex, respectively. Of course,thesear-
easarecomplex, andwe have not in any way at-
temptedto captureall of their functionality. The
amygdaloidpart receivesinputsfrom thethalamus
and from cortical areas,while the orbital part re-
ceivesinputsfrom thecorticalareasandtheamyg-
dalaonly.

Thesystemalsoreceivesa reinforcingsignal.This
signalhasbeenleft unspecified,asit is still unclear
from whereit comes.

Let’s take a look at themodelin figure2. Thereis
oneA nodefor every stimulusS (includingonefor
thethalamicstimulus).Thereis alsooneO nodefor
eachof the stimuli (exceptfor the thalamicnode).
Thereis oneoutputnodein commonfor all outputs
of the model,calledE above. The E nodesimply
sumsthe outputsfrom the A nodes,thensubtracts
theinhibitory outputsfrom theO nodes.Theresult
is theoutputfrom themodel.

Thethalamicconnectionis calculatedasthemaxi-
mumover all stimuli S andbecomesanotherinput
to theamygdaloidpart:

Ath
� max

�
Si �

Unlike other inputs to the amygdala,the thalamic
input is notprojectedinto theorbitofrontalpartand
cannotby itself beinhibited.Thiswill beaddressed
in section5.

For each A node, there is a plastic connection
weightV . Any input is multiplied with this weight
to becometheoutputfrom thenode. TheO nodes
behave analogously, with a connectionweight W
appliedto theinput signalto createanoutput.

TheconnectionweightsVi areadjustedproportion-
ally to thedifferencebetweenthereinforcerandthe

activationof theA nodes.Theα termis a constant
usedto adjustthelearningspeed:

∆Vi
� α

�
Si max

�
0 � Rew � ∑

j
A j ���

This is an instanceof a simple associative learn-
ing system,not unlike theRescorla-Wagnermodel
of learning(RescorlaandWagner, 1972). Thereal
differenceis in the fact that this weight-adjusting
rule is monotonic,i.e. the weightsV cannot de-
crease.This mayat first seemlike a fairly substan-
tial drawback;however, therearegoodreasonsfor
this designchoice. Oncean emotionalreactionis
learned,this shouldbepermanent.It is the taskof
theorbitofrontalpartto inhibit this reactionwhenit
is inappropriate.As seenin section2, thereis ex-
perimentalevidencethat this is in fact the correct
approach.

The reinforcerfor the O nodesis calculatedasthe
differencebetweenthe previous output E and the
reinforcingsignalRew. In otherwords,theO nodes
comparethe expectedandreceived reinforcerand
inhibits the outputof the modelshouldtherebe a
mismatch:

∆Wi
� β

�
Si ∑

j

�
O j � Rew ���

Theorbitofrontallearningrule is verysimilar to the
amygdaloidrule. The only – but crucial – differ-
enceis thattheorbitofrontalconnectionweightcan
both increaseanddecreaseasneededto track the
requiredinhibition. β is anotherlearningratecon-
stant.

Thenodevaluesarethencalculatedas:

Ai
� SiVi �

Oi
� SiWi �

and
E � ∑

i
Ai � ∑

i
Oi

The A nodesgive outputsproportionally to their
contributionin predictingtherewardRew, while the
O nodesinhibit theoutputof E asnecessary.

This systemworks at two levels: the amygdaloid
partlearnsto predictandreactto agivenreinforcer.
This subsystemcan never unlearn a connection;
oncelearned,it is permanent,giving thesystemthe
ability to retainemotionalconnectionsfor as long
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Figure2: A graphicaldepictionof themodel.At thetop is therudimentaryorbitofrontalpart(herewithout
an externalcontext), at the bottomright is the amygdaloidpart andat left arethe thalamicandsensory-
corticalmodules.Thethalamicandsensory-corticalpartsarejustplace-holdersin thisversionof themodel.
The sensoryinputsS enterthe thalamicpart,wherea thalamicinput to the amygdalais calculatedasthe
maximumoverall inputs.A primaryrewardsignalRew entersboththeamygdaloidandorbitofrontalparts.

asnecessary. Theorbitofrontalsystemtracksmis-
matchesbetweenthe basesystemspredictionsand
the actualreceived reinforcerandlearnsto inhibit
thesystemoutputin proportionto themismatch.

Thesesubsystemsreceivepartiallydifferentinputs;
the basesystemreceives finely discriminatedin-
puts from the sensorycortex, and a coarsesignal
Th from Thalamus.Sensorycortex receivesits in-
puts from thalamusalso, and it is assumedthat it
is responsiblefor the subdividing anddiscrimina-
tion of the coarseinput from thalamus. The tha-
lamic input is a low-level stimulussignalthat will
bepresentevenin theabsenceof highercorticalar-
eas(LeDoux,1995).Althoughthis inputseemsun-
nessesary– andindeedharmful– at present,there
is evidencethat this pathdoesexist (seesection5
for furtherdiscussionaboutthis).

The orbitofrontalsystemcurrentlyreceivesalmost
the sameinput as does the amygdaloidsystem.
Theseinputs work as a quick-and-dirtysubstitute
for a propercontext representation.In thenearfu-
ture, however, this systemwill receive a context
representation(thatwill indirectly includethestim-

uli from sensorycortex) thatwill enablethemodel
to handlecontextualcuesproperly.

4. Simulations

We have run a basic set of simulations to ver-
ify someassumptionsabout the workings of this
model. The basic featureswe have tested are
acquisition-extinction-reacquisition, simple block-
ing andconditionedinhibition.

We have previously run anothersetof simulations
using the model both with and without the or-
bitofrontalor corticalpartsandcompareditsperfor-
mancewith datafrom animalstudies.Theseresults
areavailablein (BalkeniusandMorén,2000b).

4.1 Acquisition

This is a basic learning experiment, where the
modelis expectedto associateastimuluswith a re-
ward/reinforcer, disassociatethe stimulusoncethe
reinforcer is absent,then reassociatethem again.
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Figure3: The resultof Acquisition, extinction andreacquisition.From top to to bottom,the graphsare:
Th, the thalamicinput; S, thestimulusinput; E, theoutputof themodel(smoothed);Rew, thereinforcing
signal;Vth, the amygdaloidconnectionweight for the thalamicinput; V0, the thalamicweight for S; and
W0, theorbitofrontalconnectionweightfor thestimulus.Thelearningparametersareα � 0 � 2 andβ � 0 � 8.

This representsa minimal functionality of any as-
sociative learningmodel.

In figure 3 we seethe inputs (S and T h, the tha-
lamic connection),the reinforcementsignal (Rew)
andthe output(E). The acquisition-extinction cy-
cle is repeatedthreetimes to seehow the system
reactsduringreacquisition.

As seenin the figure, thesystemmanagesto learn
this simpleassociationwell; the output tracksthe
reinforcerwithoutany problems.

In this figure, we have included the connection
weightsfor both the amygdaloidandorbitofrontal
partsof themodel.

ThestimulusS andthethalamicinput T h occursi-
multaneouslyandwith thesameintensity, resulting
in Vth andV0 sharingthe responsibilityfor theas-
sociationto Rew – thehighestattainedlevelof these
weightsareboth0.5.

When the reinforcer disappears,the amygdaloid
weightsare not affected; insteadthe orbitofrontal
weightW0 rapidly increasesandinhibits theoutput.
As soonas the reinforcerreappears,W0 decreases
to zero,allowing the amygdalato expressthe pre-
viously learnedassociation.

TheoutputE increasesto its full level fasteronsub-
sequenttrials thanit did the first time. This effect
is well establishedin the literature;seecf. (Mack-
intosh,1983).

4.2 Blocking

In this blocking simulationwe show the ability of
themodelnot to associatea stimuluswith therein-
forcer if thereis alreadyanestablishedassociation
thatcanexplain thecontingency.

A blockingscheduleis run in threephases:first as-
sociateS0 with the reinforcer, thenpresentbothS0

and S1 togetherwith the reinforcement,and last,
test S1 to seewhetherit hasbeenassociatedwith
the reinforcer. Thereshouldbe no responseto S1.
This is consistentwith experimentaldata,andis ex-
plainedby theprincipleof parsimony: do not asso-
ciatea reinforcerwith severalstimuli, whenoneis
enoughto explain theassociation.

Looking at figure4, presentationof S1 alonedoes
give a lower responsethan that of S0; the reason
the responseis not zero is dueto the ever present
thalamicinput T h, that picks up half of the rein-
forcementduringtheinitial associationwith S0. As
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Figure4: Theresultof ablockingexperiment.S0 andS1 arestimulusinputs,Rew is therewardandE is the
outputfrom themodel.T h is thethalamicinput. As in theacquisitionsimulation,α andβ aresetat0.2and
0.8,respectively.

the figure shows, the first response– onceS0 and
Rew is no longerpresent– is at 0.5, which is the
responselevel of Th.

Whenthesystemis presentedwith S1 andT h in the
absenceof areward,theorbitofrontalpartwill learn
to inhibit a responsethroughtheconnectionweight
for S0, eventhoughit is T h thatis reallyresponsible
for theresponse.

The last part of this simulationshows that the re-
sponseto S0 has beenunaffected by the testing
phaseof the blocking experiment. Of course,the
responseis againquickly inhibited due to the ab-
senceof a reinforcer.

4.3 Conditioned Inhibition

In a conditionedinhibition schedule,the aim is to
show thatinhibition is anactiveprocess,notmerely
a decreasein associative strength.A stimuluscan
begiveninhibitory properties,thatcanactively in-
hibit the responseof otherstimuli. Again, thereis
experimentalevidencethatthiseffect is commonin
animals(Mackintosh,1983).

The schedulefor conditionedinhibition is some-
what involved. We want to establishan inhibitory
associationwith astimulus,thentestit with another
stimulusthatalreadyhasanassociationwith there-
inforcer. Creatingan inhibitory associationcanbe
doneby explicitly omitting theexpectedreinforcer
whenever thestimulusis present.

First, associateS2 with the reinforcer; this is the
stimulusthat will be usedfor testing. Next, asso-

ciateS0 with reinforcement,andS0+S1 with no re-
inforcement.This shouldgive S1 inhibitory prop-
ertiesasS0 predictsthe presenceof the reinforcer.
To testthe result,S2 (the teststimulus)andS1 are
presentedtogether, andshouldgive little or no re-
sponse.Last,wealsopresentS2 alone,to show that
it hasnotbeenaffectedby theinhibitory associating
stage.

The resultsare as expected: S1 and S2 give only
a small, immediatelydecayingresponse,while S2

alonegivesa satisfactory response.This result is
due to the fact that the orbitofrontal part actively
learnsto inhibit responsesin the presenceof S1,
rather than the amygdaloidpart unlearningany-
thing.

5. Discussion

The model presentedin this paperhasseveral at-
tractivecharacteristics.It canhandlemostcommon
associative learningexperimentsand it is easyto
implementanduseaspartof a largersystem.

Currently, themodelis notacompletelearningsys-
tem. As it is an emotionalevaluatorof stimuli, it
needsseveralcomponentsto handle“real” learning
tasks. The two most importantmissingpartsare
a context modelandsomeform of motor learning
systemthatcanusetheoutputof this model.

The context system(thoughtto be residingin the
hippocampus)is currently being investigatedand
we already have a model up and running; see
(BalkeniusandMorén,2000a)for details.A proper
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Figure5: Theresultof conditionedinhibition on themodel. S0, S1 andS2 arethestimulusinputs,Rew is
thereward,T h is thethalamicinputandE is theoutputfrom themodel.α is 0.2andβ is 0.8 .

context modelwill in the simplestcasebe replac-
ing theorbitofrontalinputsfrom thesensorycortex
in themodelwith context representations,andwill
hopefullywork “out of thebox” togetherwith this
model. This will allow the systemto achieve real
context-dependentlearning, and will resolve any
problemswith the thalamic connectioncurrently
presentin thismodel.

A motor learningsystemwould usethe outputof
this modelasa reinforcingsignalfor learningmo-
tor sequences.Thereareany numberof modelsca-
pableof being used,suchasQ-learning(Watkins
andDayan,1992),HQ (Morén, 1998)andTD(λ)
(Suttonand Barto, 1998), if one wantedto get a
completesystem.

A recurringquestionis theorigin of thereinforcing
signal. As the model currently stands,it appears
fromnowhere(or rather, from thesimulator)to con-
trol thebehaviour of themodel.Webelievethissig-
nal is the resultof a reactionto thepresentationof
aprimarystimulusor anemotionallychargedstim-
ulus. First orderconditioningwould betheassoci-
ation with a primary stimulus(a stimulusthat has
an intrinsic emotionalcharge),while secondorder
conditioningwould be the associationwith previ-
ouslylearnedstimuli. Thisalsohastheimplication
thataninhibition of anemotionalreactionalsopre-
ventsthelearningof new associations.

Thepresenceof thethalamicinputseemssomewhat
difficult to justify in thismodel,asit somewhatcon-
fusestheresultsof thesimulationsin thispaper. As

it doesnot projectinto theorbitofrontalpart, it can
not be directly inhibited, and will confusethe in-
hibitory system.As the thalamicstimuluswill not
occuron its own (unlessthesensorycortex is dam-
aged),it will alwaysbepossibleto at leastpartially
inhibit its expression.Also, any effect theconnec-
tion will haveonanundamagedsystemwill beless
noticeablewhentherearemany corticalinputs.

Thereseemslittle doubtthat this pathdoesexist in
animalbrainsandhasapproximatelythesamefunc-
tion asit hasin themodel.

Two factorsspeakin favor of this interconnection:
speedand fault tolerance. First, picking a rough
estimatefrom the thalamusdirectly is a fasterdata
paththangoing throughthesensorycortex, allow-
ing the systemto react fasterto broadclassesof
stimuli. Second,this pathallows someemotional
learningto proceedevenif partsof thesensorycor-
tex aredamaged.

A differencebetweenthe thalamicinterconnection
in this model and in physical brains is that this
interconnectionis a single stimulusin the model,
whereasthe physical systemshave a numberof
connections. Theseprobably representan early,
roughclassificationandanalysisof sensorystimuli
performedby thethalamus.



Conclusion

In this paper, we have presenteda modelof emo-
tional learningin theamygdala.We havemadeuse
of neurophysiologicaldatato guide the designof
themodelandhave testedthemodelin threesimu-
latedexperiments.

Themodelis dividedinto two mainparts:onecor-
respondingto the amygdalaand one correspond-
ing to theorbitofrontalcortex. Their internalstruc-
turesarenot closelymodelledfrom theirbiological
counterparts,but sharetheir larger-scaleorganisa-
tion with therealsystem.

The simulated experiments are three classical
conditioningexperiments:Acquisition-extinction-
reacquisition,blockingandconditionedinhibition.
All three simulationsperformedwell, indicating
thatthemodelat leasthasthebasicfeaturesneeded
for associative learning.
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