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Abstract

The amygdalahasrepeatediybeenimpli-
catedin emotionalreactionsandin learn-
ing of new emotionallysignificantstimuli.
The systemforms animportantpartof mo-
tor learningaswell as attention. This pa-
per presents neurologicallyinspiredcom-
putationalmodel of the amygdalaand the
orbitofrontalcortex thataimsto partially re-
producethe samecharacteristicasthe bio-
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 responsibleor
the emotionalevaluation of stimuli (Rolls, 1995)
This evaluationis in turn usedasa basisfor emo-
tional statesfor emotionalreactionsandis usedto
signalattentionandlaying down long-termmemo-
ries. Asabrainstructuretheamygdalds old (it can
bereadilyidentifiedin fish, for example),andfairly
uniformin large-scalestructureacrosspeciegMc-
Donald,1992).

We believe thatthe amygdalo-orbitofrontasystem
implementspart of a two-processnodel of learn-
ing, asdescribedoy Mowrer (Mowrer, 1973). This

approachseparatedearning into first a stimulus-
emotionalsystemthat evaluatesincoming stimuli,

and a secondlearning systemthat usesthis eval-

uationasa reinforcerfor stimulus-responskearn-
ing. Amongthe advantage®f this approachis that
themotivationto respondandtheresponséselfare
cleanlyseparatedRolls, 1986)

As partof our investigationwe have implemented
acomputationamodelof theamygdalaandthe or-
bitofrontalcortex, andaretestingthisin simulation.
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This is not a detailed physiologicalmodel, even
thoughit sharests largerscalestructurewith that
of therealamygdalo-orbitofrontasystem;instead,
our aim is to make useof neurophysiologicatlata
to constructa functional model of emotionalpro-
cessingaspartof ageneralearningsystem.

Another paperon this model, with a strongerem-
phasisontheneurophysiologicaside,canbefound
in (BalkeniusandMorén,2000b).For anoverview
of theamygdalo-orbitofrontasystemasa partof a
larger motivationalsystem,see(MorénandBalke-
nius,2000).

2. Physiology

Theprevailing view of theamygdalds thatit is re-
sponsiblefor emotionalprocessingLeDoux,1995;
Rolls,1995).1t hasextensieinterconnectionsvith

mary otherareas,especiallyhigher sensorycorti-

cal areas,smell and taste, and the basalganglia
(assumedo handlereinforcemenbf motoractions
(Gray, 1995; Houk et al., 1995)). This makesthis
structurevery well placedto handlecomplex eval-

uationof multi-modalcombinationf stimuli.

It is believed that the amygdalahasseveral func-
tions. Thereis evidenceboth for a role in direct-
ing attentionaswell asfor laying down long-term
memoriesOur interestin this structures currently
focusedon its functionasan evaluatorof emotion-
ally significantstimuli, however.

The orbitofrontal cortex is thoughtto inhibit inap-
propriateresponsedrom the amygdala,basedon
thecontext givenby the hippocampus.

2.1 Theamygdala

The amygdalais organized mainly in a feed-
forward fashion,i.e. thereis extensve flow from



the lateral and basalareasto the medial and cen-
tral areas,and lessinformation flow in the oppo-
sitedirection(figure 1. The lateralandbasalareas
arecortex-likeandreceieinputsfrom mary higher
sensorycortices, such as the prefrontal temporal
cortex andthe olfactorybulb. Theseareashave ex-
tensie interconnectionsand projectinto the cen-
tral and medial areathe centraland medial areas
thatarenoncorte-like. The centralandthe medial
nuclei receve partially different projectionsfrom
thelateralamygdalaandprojectinto the brainstem
andthe hypothalamugMcDonald,1992).
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Figure 1: The large-scalestructureof the amyg-
dala. Of interestis the extensve interconnections
betweerthecortex-lik e nucleiandthefeed-forward
flow betweerthecortex-likeandnoncortex-lik enu-
clei. Redravn from (McDonald,1992).

The amygdalareactsto a numberof innate stim-
uli that have an a priori emotionalchage, suchas
hunger pain, certainsmellsand other stimuli that
areintrinsically important. Whenever sucha stim-
ulus is encounteredthe amygdalawill elicit a set
of responsethatareusedin motorlearningandin
the attentionsystems.One particularsetof stimuli
is recieved directly from the thalamus ratherthan
from thesensonycortices(MclntoshandGonzalez-
Lima, 1998; LeDoux, 1995). This works as an
early, fastsensoryclassificatiorsystem(seesection
5).

Thusfar the systemis not muchmorethana gen-
eratorof simple punishmentsand rewards. What
makes the amygdalaimportantis thatit is instru-
mentalin learningnew associationdetweenemo-
tionally chaged and neutralstimuli. Wheneer a
neutralstimulusoccursin closetemporalproxim-
ity to anemotionallychagedstimuli, this stimulus
will itself subsequentlipeableto elicit thatsameor
asimilar reaction.

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

a bilateral lesion in the amygdalacan no longer
acquirean emotionalreactionto novel stimuli in
the presenceof an aversive stimuli. (Rolls, 1992)
reviews evidencethat bilateral damageproduces
effects similar to the Kliver-Buchy syndromein
monkeys, resultingin tamenesslack of emotional
responsesloss of appetiteand consumingof pre-
viously rejectedfoods (Kolb andWhishav, 1990).
Especiallyinteresting,the monkeys are unableto
learnanactive avoidancetask,wherea light would
signaltheimminentonsetof achockunlesghesub-
ject actively avoidedit, a clearindicationthatthey
wereunableto associateéhelight with fear.

2.2 The orbitofrontal cortex

We view this evaluative systemascomposedf at
leasttwo interactingparts: the amygdalaand the
orbitofrontalcortex. Whereaghe amygdaldearns
appropriateassociationpetweemeutralandemo-
tionally chaigedstimuli, theorbitofrontalcortex in-
hibitstheexpressiorof theseassociationasneeded
dependingn context andotherfactors.

The orbitofrontal cortex is known to inhibit areas
it is connectedo, andit hasextensive interconnec-
tionswith thehippocampusTherearealsoconnec-
tionsbothto andfrom theamygdala.(Shimamura,
1995) hasarguedthatthe role of the cortical areas
isto inhibit posteriorareasvheneertheirreactions
aredeemednappropriatedueto changingcontext
or reinforcement.

Someevidencefor this comesfrom patientswith

a damagedrbitofrontalcortex. Shimamuraested
patientsonthe Wisconsincardsortingtest. Patients
areasledto sortcardsaccordingo anunknown cri-

teriasuchascoloror value;thesubjectsvould only

betold if a givencardhasbeencorrectlysortedor

not. Whenthe patienthasfiguredout therule, it is

changedby the experimenter Subjectswith these
lesionsarethenunableto changetheir own sorting
rule, evenwhenthey canverbalizethattherule has
changed.

More evidenceis foundin (Diasetal.,1997).Dias
et al. shawvsthatinhibitory processesanbefound
in mary regionswithin the prefrontal cortex, and
thatthe orbitofrontalcortex is especiallyimportant
in theinhibition of emotionalreactions.

3. The Model

Thereseemdittle doubtthatemotionalearningoc-
cursin the Amygdala,with first-orderconditioning



betweenprimary and secondarystimuli, and per
hapsalso betweensecondarystimuli. Also, ev-
idence suggestghat thesefunctions are partially
separatedyith the orbital corticalareasmplicated
in secondarygonditioning.

We have attemptedto capturethesefeaturesin a
computationaimodel suitablefor comparisonde-
tweenneurophysiologicallataandsimulations We
hope that this approachwill enableus to attain
a clearerunderstandingooth of the functions of
the amygdalaand of the limitations of the model;
this would have beendifficult to accomplishwith a
modelthatis nottestablan simulation.

The modelis divided into two parts,very roughly
correspondingto the amygdalaand the orbital

frontal cortex, respectiely. Of course,thesear-

easare comple, andwe have not in ary way at-

temptedto captureall of their functionality. The
amygdaloidpartrecevesinputsfrom the thalamus
and from cortical areas,while the orbital part re-

ceivesinputsfrom the corticalareasandthe amyg-
dalaonly.

The systemalsorecevesareinforcingsignal. This
signalhasbeenleft unspecifiedasit is still unclear
from whereit comes.

Let's take a look atthe modelin figure 2. Thereis
oneA nodefor every stimulussS (including onefor
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 the O nodes.Theresult
is the outputfrom the model.

Thethalamicconnections calculatedasthe maxi-
mumover all stimuli Sandbecomesanotherinput
to theamygdaloidpart:

Ah =max§)

Unlike otherinputsto the amygdalathe thalamic
inputis not projectednto the orbitofrontalpartand
cannotby itself beinhibited. Thiswill beaddressed
in section5.

For each A node, there is a plastic connection
weightV. Any inputis multiplied with this weight
to becomethe outputfrom the node. The O nodes
behae analogouslywith a connectionweight W

appliedto theinput signalto createanoutput.

The connectionweightsV; areadjustedproportion-
ally to thedifferencebetweerthereinforcerandthe

activation of the A nodes.Thea termis a constant
usedto adjustthelearningspeed:

AV = a(Smax0,Rew— % Aj))
J

This is an instanceof a simple associatie learn-
ing system not unlike the Rescorla-Vdgnermodel

of learning(RescorlaandWagner 1972). Thereal

differenceis in the fact that this weight-adjusting
rule is monotonic,i.e. the weightsV cannot de-

creaseThis mayatfirst seemlike a fairly substan-
tial drawback; however, therearegoodreasondgor

this designchoice. Oncean emotionalreactionis

learned this shouldbe permanentlt is the taskof

theorbitofrontalpartto inhibit this reactionwhenit

is inappropriate.As seenin section2, thereis ex-

perimentalevidencethat this is in fact the correct
approach.

Thereinforcerfor the O nodesis calculatedasthe
differencebetweenthe previous output E andthe
reinforcingsignalRew. In otherwords,the O nodes
comparethe expectedand receved reinforcerand
inhibits the output of the modelshouldtherebe a
mismatch:

W =B(S ¥ (O; - Rew))
J

Theorbitofrontallearningrule is very similarto the
amygdaloidrule. The only — but crucial — differ-
enceis thatthe orbitofrontalconnectiorweightcan
both increaseand decreases neededo track the
requiredinhibition. {3 is anotherearningratecon-
stant.

Thenodevaluesarethencalculatedas:

A|=SV|;
Oi=3VV|;

E=YA-30

The A nodesgive outputsproportionallyto their
contrikutionin predictingtherewardRew, while the
O nodesinhibit the outputof E asnecessary

and

This systemworks at two levels: the amygdaloid
partlearnsto predictandreactto agivenreinforcer
This subsystemcan never unlearna connection;
oncelearnedit is permanentgiving thesystenthe
ability to retainemotionalconnectiondor aslong
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Figure2: A graphicaldepictionof the model. At thetopis therudimentaryorbitofrontalpart (herewithout
an external contet), at the bottomright is the amygdaloidpart and at left are the thalamicand sensory-
corticalmodules.Thethalamicandsensory-corticgbartsarejust place-holderin this versionof themodel.
The sensoryinputs S enterthe thalamicpart, wherea thalamicinput to the amygdalais calculatedasthe
maximumover all inputs.A primaryrewardsignalRew entersboththeamygdaloidandorbitofrontalparts.

asnecessaryThe orbitofrontal systemtracksmis-
matchedetweenthe basesystemgredictionsand
the actualreceved reinforcerandlearnsto inhibit
the systemoutputin proportionto the mismatch.

Thesesubsystemseceve partially differentinputs;
the basesystemreceies finely discriminatedin-
puts from the sensorycortex, and a coarsesignal
Th from Thalamus.Sensorycortex recevesits in-
putsfrom thalamusalso, andit is assumedhat it
is responsiblgfor the subdiiding and discrimina-
tion of the coarseinput from thalamus. The tha-
lamic input is a low-level stimulussignal that will
bepresenevenin theabsenc®f highercorticalar-
eas(LeDoux,1995).Althoughthisinputseemsiun-
nessesary andindeedharmful— at presentthere
is evidencethat this path doesexist (seesection5
for furtherdiscussioraboutthis).

The orbitofrontal systemcurrently recevesalmost
the sameinput as doesthe amygdaloid system.
Theseinputswork as a quick-and-dirtysubstitute
for a propercontext representationln the nearfu-
ture, however, this systemwill receve a contet
representatiofthatwill indirectlyincludethestim-

uli from sensorycortex) thatwill enablethe model
to handlecontectual cuesproperly.

4. Simulations

We have run a basic set of simulationsto ver
ify someassumptionsaboutthe workings of this
model. The basic featureswe have testedare
acquisition-atinction-reacquisitionsimple block-
ing andconditionednhibition.

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

4.1 Acquisition

This is a basic learning experiment, where the
modelis expectedo associate stimuluswith are-
ward/reinforcerdisassociat¢he stimulusoncethe
reinforceris absent,then reassociatéghem again.



Th
ooooor
ohvbo®O

1.0
08
06
Y04
02
0.0

Rew

1.0
0.8
0.6
0.4
0.2
0.0

%
o
w

500 1000

1500 2000

Figure3: Theresultof Acquisition, extinction andreacquisition.Fromtop to to bottom, the graphsare:
Th, thethalamicinput; S, the stimulusinput; E, the outputof the model(smoothed)Rew, thereinforcing
signal; Vth, the amygdaloidconnectionweight for the thalamicinput; Vp, the thalamicweightfor S; and
Wp, theorbitofrontalconnectiorweightfor the stimulus.Thelearningparameterarea = 0.2 and3 = 0.8.

This represents minimal functionality of ary as-
sociative learningmodel.

In figure 3 we seethe inputs (S and Th, the tha-
lamic connection) the reinforcemensignal (Rew)

andthe output(E). The acquisition-&tinction cy-

cle is repeatedhreetimesto seehow the system
reactsduringreacquisition.

As seenin the figure, the systemmanagedo learn
this simple associationwell; the outputtracksthe
reinforcerwithoutary problems.

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

The stimulusS andthethalamicinput Th occursi-
multaneoushandwith the sameintensity resulting
in Vth andVy sharingthe responsibilityfor the as-
sociationto Rew —thehighestattainedevel of these
weightsareboth0.5.

When the reinforcer disappearsthe amygdaloid
weightsare not affected; insteadthe orbitofrontal
weightWg rapidly increasesindinhibits the output.
As soonasthe reinforcerreappears\Wy decreases
to zero, allowing the amygdalato expressthe pre-
viously learnedassociation.

TheoutputE increaseso its full level fasteronsub-
sequentrials thanit did thefirst time. This effect
is well establishedn the literature;seecf. (Mack-
intosh,1983).

4.2 Blocking

In this blocking simulationwe shav the ability of
themodelnotto associata stimuluswith therein-
forcerif thereis alreadyan establishedssociation
thatcanexplainthe contingeng.

A blockingschedulas runin threephasesfirst as-
sociateSy with thereinforcer thenpresentoth &

and S; togetherwith the reinforcement,and last,
testS to seewhetherit hasbeenassociatedvith

the reinforcer Thereshouldbe no responséo S;.

Thisis consistentvith experimentaldata,andis ex-

plainedby the principle of parsimoly: do notasso-
ciatea reinforcerwith several stimuli, whenoneis

enoughto explaintheassociation.

Looking at figure 4, presentatiorof S1 alonedoes
give a lower responsdahan that of SO; the reason
the responses not zerois dueto the ever present
thalamicinput Th, that picks up half of the rein-
forcementuringtheinitial associatiomwith . As
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Figure4: Theresultof ablockingexperiment.S andS; arestimulusinputs,Rew is therewardandE is the
outputfrom themodel. Th is thethalamicinput. As in theacquisitionsimulation,a and3 aresetat0.2and

0.8,respectiely.

the figure shaws, the first response- once S and
Rew is no longer present- is at 0.5, which is the
responsdevel of Th.

Whenthesystemis presenteavith S, andThin the
absencef areward,theorbitofrontalpartwill learn
to inhibit aresponséhroughthe connectiorweight
for S, eventhoughit is Th thatis really responsible
for theresponse.

The last part of this simulationshows that the re-
sponseto & has beenunafected by the testing
phaseof the blocking experiment. Of course,the
responsés againquickly inhibited dueto the ab-
senceof areinforcer

4.3 Conditioned Inhibition

In a conditionedinhibition schedulethe aim is to
shaw thatinhibition is anactive processnotmerely
a decreasén associatie strength. A stimuluscan
be giveninhibitory propertiesthatcanactively in-

hibit the responseof otherstimuli. Again, thereis

experimentakvidencethatthis effectis commonin

animals(Mackintosh,1983).

The schedulefor conditionedinhibition is some-
whatinvolved. We wantto establishan inhibitory

associationvith astimulus thentestit with another
stimulusthatalreadyhasanassociatiomwith there-

inforcer. Creatinganinhibitory associatiorcanbe

doneby explicitly omitting the expectedreinforcer
wheneerthe stimulusis present.

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

ciate S with reinforcementand $+S; with no re-

inforcement. This shouldgive S inhibitory prop-

ertiesas S predictsthe presencef the reinforcer

To testtheresult,S; (theteststimulus)andS; are

presentedogether and shouldgive little or no re-

sponselast,we alsopresents, alone,to show that

it hasnotbeenaffectedby theinhibitory associating
stage.

The resultsare as expected: S; and S, give only
a small, immediatelydecayingresponsewhile S
alonegivesa satishctory response.This resultis
due to the fact that the orbitofrontal part actively
learnsto inhibit responsesn the presenceof S,
rather than the amygdaloid part unlearningary-
thing.

5. Discussion

The model presentedn this paperhasseveral at-
tractive characteristicslt canhandlemostcommon
associatie learning experimentsand it is easyto
implementanduseaspartof alargersystem.

Currently themodelis notacompletdearningsys-
tem. As it is an emotionalevaluatorof stimuli, it
needsseveralcomponentso handle“real” learning
tasks. The two mostimportantmissing partsare
a context modeland someform of motorlearning
systenmthatcanusethe outputof this model.

The context system(thoughtto be residingin the
hippocampus)s 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 the model. &, S; andS; arethe stimulusinputs, Rew is
thereward, This thethalamicinputandE is the outputfrom themodel.a is 0.2andp is 0.8.

context modelwill in the simplestcasebe replac-
ing the orbitofrontalinputsfrom the sensorycortex
in the modelwith context representationgndwill

hopefully work “out of the box” togethemwith this
model. This will allow the systemto achiese real
contet-dependentearning, and will resohe ary
problemswith the thalamic connectioncurrently
presenin this model.

A motor learningsystemwould usethe output of
this modelasa reinforcingsignalfor learningmo-
tor sequencesThereareary numberof modelsca-
pableof beingused,suchas Q-learning(Watkins
and Dayan,1992), HQ (Morén, 1998)and TD(A)
(Suttonand Barto, 1998), if one wantedto geta
completesystem.

A recurringquestionis the origin of thereinforcing
signal. As the model currently stands,it appears
from nowhere(or rather from thesimulator)to con-
trol thebehaiour of themodel. We believe this sig-
nalis the resultof areactionto the presentatiorof
aprimarystimulusor anemotionallychagedstim-
ulus. First orderconditioningwould bethe associ-
ation with a primary stimulus(a stimulusthat has
anintrinsic emotionalchage), while secondorder
conditioningwould be the associationwith previ-
ouslylearnedstimuli. This alsohastheimplication
thataninhibition of anemotionalreactionalsopre-
ventsthelearningof new associations.

Thepresencef thethalamicinputseemsomavhat
difficult to justify in thismodel,asit somavhatcon-
fusestheresultsof thesimulationsn this paper As

it doesnot projectinto the orbitofrontalpart, it can
not be directly inhibited, and will confusethe in-

hibitory system.As the thalamicstimuluswill not
occuronits own (unlessthe sensorycortex is dam-
aged),it will alwaysbe possibleto atleastpartially
inhibit its expression.Also, ary effect the connec-
tion will have onanundamagedystemwill beless
noticeablavhentherearemary corticalinputs.

Thereseemdittle doubtthatthis pathdoesexistin
animalbrainsandhasapproximatelythesamefunc-
tion asit hasin themodel.

Two factorsspeakin favor of this interconnection:
speedand fault tolerance. First, picking a rough
estimatefrom the thalamuddirectly is a fasterdata
paththangoing throughthe sensorycorte, allow-
ing the systemto reactfasterto broad classesof
stimuli. Second this path allows someemotional
learningto proceedevenif partsof thesensorycor-
tex aredamaged.

A differencebetweenthe thalamicinterconnection
in this model and in physical brainsis that this

interconnectionis a single stimulusin the model,
whereasthe physical systemshave a number of

connections. Theseprobably representan early,

roughclassificatiorandanalysisof sensorystimuli

performedby thethalamus.



Conclusion

In this paper we have presentedca model of emo-
tionallearningin theamygdalaWe have madeuse
of neurophysiologicatlatato guide the designof
themodelandhave testedthe modelin threesimu-
latedexperiments.

Themodelis dividedinto two main parts:onecor-
respondingto the amygdalaand one correspond-
ing to the orbitofrontalcortex. Theirinternalstruc-
turesarenot closelymodelledfrom their biological
counterpartshut sharetheir largerscaleorganisa-
tion with therealsystem.

The simulated experiments are three classical
conditioning experiments: Acquisition-extinction-
reacquisition plocking and conditionedinhibition.
All three simulationsperformedwell, indicating
thatthemodelatleasthasthe basicfeaturesneeded
for associatie learning.
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