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We analysecontrol functionsof affective statesin relatively simpleagentsin a variety of en-
vironmentsandtesttheanalysisin varioussimulationexperimentsin competitive multi-agent
environments.Theresultsshow thatsimpleaffective states(like “hunger”) canbeeffective in
agentcontrolandarelikely to evolve in certaincompetitive environments.This illustratesthe
methodologyof exploringneighbourhoodsin “designspace”in orderto understandtradeoffs in
thedevelopmentof differentkindsof agentarchitectures,whethernaturalor artificial.

1 Intr oduction

Affective states(suchasemotions,motivations,desires,pleasures,pains,attitudes,
preferences,moods,values,etc.)andtheir relationsto agentarchitectureshavebeen
receiving increasingattentionin AI andCognitive Science.

� � � � �
Detailedanalyses

of thesesubspeciesof affect shouldinclude descriptionsof their functional roles
in contributing to usefulcapabilitieswithin agentarchitectures

�
, complementedby

empiricalresearchon affect in biologicalorganismsandconcreteexperimentswith
syntheticagentarchitectures,to confirm that the proposedarchitectureshave the
claimedproperties. Our approachcontrastswith most evolutionary AI research,
which attemptsto discover what canevolve from given inital states. Instead,we
explore “neighbourhoods”and“mini-trajectories”in designspace,by startingwith
examplesof agentarchitectures,thenexplicitly providepossibleextensionswith evo-
lutionaryoperatorsthatcanselectthem,andrun simulationsto investigatewhich of
theextensionshaveevolutionaryadvantagesin variousenvironments.Thiscanshow
how slight changesin environmentsaltertradeoffs betweendesignoptions.

To illustrate this methodology, we next analysefunctional roles of affective
statesandthendescribeour simulationexperimentswhich show how certainsim-
ple affective control mechanismscanbe useful in a rangeof environmentsandare
thereforelikely to evolve in thoseenvironments.
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2 What AffectiveStatesareand aren’t

If we attemptto define“affective” simply in termsof familiar examples,suchas
“desiring’, “having emotions”, “enjoying”, etc. we risk implicitly restrictingthe
notion to organismswith architecturessufficiently like ours. That could rule out
varietiesof fear, hunger, or aggressionfound in insects,for example. We needan
architecture-neutralcharacterisation,which is hardto defineif it is to beapplicable
acrossa wide rangeof architectures(suchas insect-like reactive architecturesor
deliberative architectureswith mechanismsableto representandreasonaboutnon-
existentandpossiblefuture states).Our besthopeis to define“affective” in terms
of a functionalrolewhich canbespecifiedindependentof thespecificfeaturesof an
architecture.

The intuitive notion of “affect” alreadyhastwo aspectsthat are relevant to a
varietyof architectures,namelydirectionandevaluation. On theonehandthereis
directionof internalor externalbehaviour, for instance,wantingsomethingor trying
to avoid something.Ontheotherhandthereis positiveor negativeevaluationof what
is happening,for instance,enjoying somethingor finding it unpleasant.However,
evenevaluationis linkedto directioninsofar asenjoying involvesbeingdisposedto
preserveor repeatandfindingpainful involvesbeingdisposedto terminateor avoid.
Eitherwayaffectivestatesareexamplesof control states

�
.

Yet,not all statesin controlsystemsareaffectivestates,evenif they havesome
effect on internalor externalbehaviour. For instance,perceiving, knowing, reason-
ing, andself-monitoringcaninfluencebehaviour but arenot regardedasaffective.
Supposean agentcan usestructuresas representationsof statesof affairs (never
mind how). Anything thatrepresentsmustbecapableof failing to represent.There
are variouskinds of mismatch,and in somecasesthe mismatchcan be detected,
for instanceperceiving thatsomedesiredstatehasor hasnotbeenachieved,or thata
goalis beingapproachedbut veryslowly. If detectionof amismatchhasadisposition
to causesomebehaviour to reducethemismatchthereare(to a first approximation)
two main cases:(1) the behaviour changesthe representationto fit the reality, or
(2) the behaviour changesreality to fit the representation.In (1) the systemhasa
“belief-like” state,andin (2) a “desire-like” state.In otherwords,belief-like states
tendto be changedto make themfit reality, whereasattemptsaremadeto change
reality to make it fit desire-like states.It is this distinctionbetweenbelief-like and
desire-likecontrolstatesthatcangiveusahandleonhow to construeaffectivestates,
namelyas“desire-like” control stateswhoserole is initiating, evaluatingandregu-
lating, internalor externalbehaviour, asopposedto merelyacquiring,interpreting,
manipulating,or storinginformation(thatmight or might not beusedin connection
with affectivestatesto initiateor controlbehaviour).

A staterepresentingthe currentpositionof an effector, or the locationof food
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in theenvironment,or theagent’s currentenergy level is, therefore,not anaffective
state.However, statesderivedfrom thesewhichareusedto initiate,select,prioritise,
or modulatebehaviour, eitherdirectlyor indirectlyvia othersuchstateswouldbeaf-
fectivestates.An examplemightbeusingameasurementof thediscrepancy between
currentenergy level anda“target” level (a “hunger” representation),to modulatethe
tendency of the systemto reactto perceived food by going for it. This might use
eithera “hungerthreshold”to switchon food-seekingor a continuousgaincontrol.

In complex cases,the “referencestates”usedto determinewhethercorrective
action is requiredmay be parametrisedby dynamicallychangingmeasuresor de-
scriptionsof thesensedstateto bemaintainedor prevented,andthetypeof correc-
tiveactionrequired,internallyor externally. For instance,anorganismthatsomehow
canrecordhow frequentlyfood sourcesareencounteredmight usea lower hunger
thresholdto triggersearchingfor food. If sensitive to currentterrainit might trigger
differentkindsof searchesin differentterrains.Thuswhile therecordsof food fre-
quency andterrainfeaturesareacquiredthey functionascomponentsof perceptual
or belief-like states,whereaswhenthey areusedto modulatedecisionmakingthey
functionascomponentsof affectivestates.

Affective statescanvary in cognitive sophistication.Simpleaffective mecha-
nismscanbe implementedwithin a purely reactive architecture,like the “hunger”
example. More sophisticatedaffective stateswhich include construction,evalua-
tion andcomparisonof alternatives,or which requirehigh-level perceptualcategori-
sations,would requirethe representationalresourcesof a deliberative architecture.
However, recordedmeasurementsor labelsdirectly producedby sensorsin reactive
architecturescanhave desire-like functions,andfor that reasoncanbe regardedas
affectivestatesthatuseaprimitive“limiting case”classof representations

�
.

Theremainderof thispaperdescribessimulationexperimentswhereagentswith
slightly differentarchitecturescompetefor resourcesin orderto survivein acarefully
controlledsimulatedenvironment.Proportionssurviving in differentconditionshelp
to show theusefulnessof differentarchitecturalfeaturesin differentcontexts. It turns
out thatsimpleaffectivestatescanbesurprisinglyeffective.

3 The Simulation Envir onment

The simulatedenvironmentconsistsof a rectangularsurfaceof fixed size(usually
around800by 800units) populatedwith variouskinds of agentsandotherobjects
suchas“lethal” entitiesof varioussizes,somestaticandsomemoving at different
speedsin differentdirections,and“food items” (i.e., energy sourceswhich pop up
at randomlocationsanddisappearaftera pre-determinedperiodof time unlesscon-
sumedby agents).Agentsuseupenergy ata fixedrate,whenstationary, andrequire
additionalenergy proportionalto their speed,whenmoving. Hence,they arein per-
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manentneedof food, which they canconsumesitting on top of a food sourcein a
timeproportionalto theenergystoredin thefoodsourcedependingonthemaximum
amountof energyanagentcantakein atany giventime. Agentsdieandareremoved
from thesimulationif they runoutof energy, or if they comeinto contactwith lethal
entitiesor otheragents.

All agentsareequippedwith a “sonar”sensorto detectlethalentities,a “smell”
sensorto detectfood,a“touch” sensorto detectimpendingcollisionsandaninternal
sensorto measuretheir energy-level. For both sonarand smell sensors,gradient
vectorsarecomputedandmappedonto theeffectorspace(seebelow), yielding the
directionin which the agentwill move. The touchsensoris connectedto a global
alarmsystem,which triggersa reflex to moveaway from anythingtouched,unlessit
is food. Thesemovementsareinitiatedautomaticallyandcannotbecontrolledby the
agent.They aresomewhaterraticandwill slightly reorienttheagent(thushelpingit
to getoutof “local minima”).

Ontheeffectorside,agentshavemotorsfor locomotion(forwardandbackward),
motorsfor turning(left andright in degrees)andamechanismfor consumingfood.

After a certainnumberof simulationcycles,agentsreachmaturityandcanpro-
createasexually, in whichcasedependingontheircurrentenergy level they will have
avariablenumberof offspringwhichpopupin thevicinity of theagentoneata time
(theenergy for creatinganew agentis subtractedfrom theparent,occasionallycaus-
ing theparentto starve). While differentagentsmayhave differentshorttermgoals
atany giventime(e.g.,gettingaroundlethalentitiesor consumingfood),commonto
all of themarethetwo implicit goalsof survival (i.e., to getenoughfood andavoid
runninginto/gettingrun overby lethalentitiesor otheragents)andprocreation(i.e.,
to live long enoughto haveoffspring).

For evolutionarystudies,a simplemutationmechanismmodifieswith a certain
probabilitysomeof theagent’sarchitecturalparameters(e.g.,theparametersrespon-
siblefor integratingsmellandsonarinformation).Someoffspringwill thenstartout
with themodifiedparametersinsteadof beingexactcopiesof theparent.This mu-
tation rateaswell asvariousotherparametersneedto be fixed beforeeachrun of
thesimulation(a moredetaileddescriptionof thesimulationandits variouscontrol
parametersis providedelsewhere)

�
.

In is worthpointingoutthatoursetupdiffersin at leasttwo waysfrom othersim-
ulatedenvironmentsthathavebeenusedto studyaffectivestates.

� 	 
 	 � � 	 � � 	 � 

First,by

allowing agentsto procreate(i.e., have exactcopiesof themselvesasoffspring)we
canstudytrajectoriesof agentpopulationsandcanthusidentify propertiesof archi-
tecturesthatarerelatedto andpossiblyinfluencetheinteractionof agentpopulations.
And second,by addingmutation,we canexaminethe potentialof architecturesto
be modifiedandextendedover generationsof agents.In particular, by controlling
which componentsof anarchitecturecanchangewhile allowing for randomnessin
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theway they canchange,we areableto studyevolutionarytradeoffs of suchexten-
sions/modifications.Fromtheseexplorationsof “designspace”and“nichespace”

� �
we cannotonly derive advantagesanddisadvantagesof architecturalcomponents,
but alsothelikelihoodthatsuchcomponentswould have evolvedin naturalsystems
usingnaturalselection.

4 The Agentsand their Ar chitectures

In the following we considertwo kinds of agents:reactiveagents(R-agents)and
simpleaffectiveagents(A-agents)(otherstudieshave compareddifferentkinds

�
).

R-agentsprocesssensorinformation and producebehavioural responsesusing a
schema-basedapproach,whichobviatestheneedfor aspecialactionselectionmech-
anism: both smell andsonarsensorsprovide the agentwith directionaland inten-
sity information of the objectssurroundingthe agentwithin sensorreach,where� ��� � ��� � � ����� � � � � � � �� � !

(i.e., thedistanceof theobjectfrom thecurrentposition
of theagent).Thesumof thesevectors(call them " and # for sonarandfood, re-
spectively) is thencomputedasameasureof thedistributionof therespectiveobjects
in theenvironmentandpassedonto themotorschema,whichmapsperceptualspace
into motorspaceyielding thedirection,in which to go: $ "&%('�# (where$ and ' are
therespectivegainvalues).)

A-agentsareextensionsof R-agents.They haveanadditionalcomponent,which
caninfluencetheway sensoryvectorfieldsarecombinedby alteringthegainvalue
' basedon the level of energy. In accordancewith our earlieranalysisof affective
statesasmodulatorsof behavioursand/orprocesses,this componentimplementsan
affectivestate,which we call “hunger”.

Thedifferencein thearchitecturegivesriseto differentbehaviour: R-agentsare
always“interested”in food andgo for whichever food sourcethey cangetto, while
A-agentsareonly interestedin food when their energy levels are low. Otherwise
they tendto avoid foodandthuscompetitionfor it, reducingthelikelihoodof getting
killed becauseof colliding with othercompetingagentsor lethalentities.

5 The Behavioural Potential of a Simple AffectiveState

We startour seriesof experimentsby checkingwhethereachagentkind cansurvive
in variouskindsof environmentson its own. Fiveagentsof thesamekind areplaced
in variousenvironments(from environmentswith no lethalentitiesto very “danger-
ous” environmentswith bothstaticandmoving lethal entities)at randomlocations
to “averageout” possibleadvantagesdueto their initial locationovera largenumber

*
Notethatthis formulaleavesout thedetailsfor thetouchsensorfor easeof presentation.
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Table1. Surviving agentsin an + -environmentwhenstartedwith 5 agentsof only onekind.

R-agents A-agents
Env , - Con , - Con
0 14.60 2.80 1.73 19.20 2.74 1.70
5 13.20 4.78 2.96 17.20 3.05 1.89
10 11.90 3.81 2.36 17.20 3.77 2.33
20 11.60 3.47 2.15 15.40 3.95 2.45
30 7.50 4.43 2.75 13.00 3.56 2.21
40 2.90 3.57 2.21 10.40 3.57 2.21
50 0.20 0.63 0.39 8.00 3.56 2.21

Table2. Surviving agentsin an + -environmentwhenstartedwith 5 agentseachof bothskinds.

R-agents A-agents
Env , - Con , - Con
0 0.00 0.00 0.00 17.20 3.61 2.24
5 0.00 0.00 0.00 16.30 2.91 1.80
10 1.60 5.06 3.14 14.50 6.54 4.05
20 0.10 0.32 0.20 14.50 4.22 2.62
30 0.00 0.00 0.00 15.10 3.35 2.08
40 0.00 0.00 0.00 12.80 2.49 1.54
50 0.00 0.00 0.00 10.00 3.16 1.96

of trials. The “food rate” is fixedat 0.25andtheprocreationageat 250updatecy-
cles.Table1 shows for eachagentkind theaveragenumber(. ) of surviving agents
aswell asstandarddeviation ( / ) andconfidenceinterval (Con) for 02143 5 3 6 taken
over 10 differentrunsof the simulation,eachfor 10000environmentalupdatesfor
a given environment(where“ 7 -environment” is intendedto indicatethat 7 static
and 7 moving lethal entitieswereplacedat randomin theenvironment). Note that
A-agentsdo significantlybetterthanR-agentsif measuredin termsof the average
numberof agentsin eachenvironmentat any giventime.

Given that eachagentkind cansurvive on its own, we now comparethe per-
formanceof mixed groupsof R- andA-agents. It turnsout that A-agentsreliably
outperformR-agentsin all consideredenvironments(seeTable2).

Theresultsdependneitherontheinitial numberof agentsnoronthedistribution
of moving andstatic lethal entities: experimentswith differentnumbersof initial
agentsof eachkind aswell asexperimentswith differentnumbersof moving and
staticlethalentities(thataddedupto thesametotal)yieldverysimilarresults.Higher
food rates(e.g.,of 0.5)do not changethepictureeither, ratherthey show evenmore
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clearlytheability of affectiveagentsto coexist in largegroups.With lowerfoodrates
theadvantageof A-agentsover R-agentsslowly decreasesaswaiting for hungerto
grow beforemoving towardsfood is not a goodstrategy. Eventually, at food rates
of 0.125andbelow, survival in crowdedenvironmentsbecomesimpossiblefor any
agentkind–therearesimply too many lethalentitiesobstructingthepathsto food.

The superiorperformanceof A-agentsmight not seemvery surprising,since
the additionalinformationaboutthe currentenergy level, ignoredby R-agents,but
utilizedby A-agents,allowsfor amorecomplex mappingbetweensensoryinputand
behaviouraloutput.However, usingmoreinformationdoesnotautomaticallyleadto
betterperformance,ascanbeseenfrom thefact thatA-agentsmayloseout against
R-agentsif the “rules of the game”areslightly modified: in a simulationwithout
procreation,whereeitherthenumbersof surviving agentsof eachkind arecounted
after a predeterminednumberof cyclesor the averagelifespanof an agentis used
as a measureof fitness,R-agentsalmostalways perform (slightly) betterthanA-
agents(in all of theabove environments).Only in combinationwith procreationis
thetendency of A-agentsto distributethemselvesbetterover thewholeenvironment
(in Seth’s terminology: their lower degreeof “clumpiness”8 9 ) by virtue of being
at times lessattractedto food beneficial,as their offspring will benefit from not
having to competeimmediatelywith many other agentsin their vicinity. In this
light, the answerto the following questionwhetherA-agentscanbe producedby
someevolutionaryprocessis notobviousat all.

6 SimpleAffectiveStatesCan BeEvolved

To studythedegreeto which simpleaffectivestateslike “hunger” canbeevolvedin
a competitive environment,we allowed for mutationof the link betweenthe com-
ponentconnectedto theenergy sensor(which is supposedto assumetherole of the
affective “hunger” state)andthe componentencodingthe food gainvalue : in the
mappingfrom perceptualto motor space.This link, expressedasa multiplicative
factorandcalled“foodweight”, is initialised at randomin the interval ; <>= ? @ A = ? @ B .
Whenever an agenthasoffspring, the probability for “geneticmodification” of the
foodweightis 1/3andtheprobabilityfor weightincrease/decrease(by thegivenfac-
tor C�D2= ? = E ) is 1/6,respectively. Everythingelseremainsthesame.

Of all seven environments, A-agents did not survive in the 40- and 50-
environments,which arevery toughin thatwrong movesarepunishedright away:
thereis simply noroomfor genetictrial anderror.F

In theotherfive environments,A-agentsevolvedusingthestatein theexpected
way, althoughto varyingdegrees:thelesscrowdedanenvironment,thebettertheuse

G
Theonly agentsthatsurvivedon2 out of 10 runsweretheR-agentsin 40-environments.
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Table3. Averageweightvalues,standarddeviation andconfidencelevel at HJILK M K N for the
“foodweight” of thesurviving affective agentsin onerun in an O -environment.

Foodweight Foodweight
Env P Q Con Env P Q Con
0 0.26 0.09 0.05 10 0.19 0.07 0.05

0.27 0.05 0.03 0.30 0.04 0.03
0.23 0.08 0.05 0.29 0.09 0.05
0.07 0.05 0.03 20 0.24 0.12 0.00
0.17 0.06 0.04 30 0.17 0.11 0.07

5 0.33 0.12 0.07 0.13 0.07 0.04
0.19 0.06 0.03 40 0.00 0.00 0.00
0.10 0.09 0.06 50 0.00 0.00 0.00
0.18 0.04 0.03

Table4. Surviving affective agentsin an O -environmentwhenstartedwith 5 R-agents,which
canhave randomlyinitialised A-agentsaspart of their offspring with a probability of 0.25.
No R-agentsurviveda singlerun.

A-agents Foodweight
Env P Q Con P Q Con
0 17.90 3.60 2.23 0.18 0.10 0.06
5 14.90 1.91 1.19 0.19 0.11 0.07
10 15.10 3.03 1.81 0.19 0.11 0.07
20 11.53 8.39 5.20 0.18 0.09 0.05
30 3.80 5.45 3.38 0.17 0.09 0.06
40 4.10 5.57 3.45 0.21 0.10 0.06
50 1.00 2.31 1.43 0.21 0.09 0.06

of thestatecanbeevolved,thereasonbeingthatagentswith initial randomweights
arevery likely to beinefficient in navigatingthroughtheenvironment,if ableat all.
In suchcasesit is helpful if foodis notobstructedby toomany lethalentities.Table3
showsfor eachenvironmentmean,standarddeviationandconfidenceinterval (again
for RJSUT V T W ) for weightsfor all thoserunson which affectiveagentssurvived.The
above experimentalsoworks for differentmutationratesaswell asdifferentvalues
of X . Notethatwhile in 5 out of 10 runsthe“affectiveuse”of thestatewasevolved
in 0-environments,only in 2 out of 10 runswastheuseevolvedin 30-environments.

Thepositivevalueof thefoodweightindicatesthatthehungerstatedeservesits
name. Yet, the magnitudesof the weight seemsmall given the procreationageof
250andtheincrement/decrementfactor X�SUT V T W . Oncloserinspection,however, it
turnsout thatevolution wasquite fast,sinceassumingthat thereareonly about40
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generationsof agentsin eachrun,andgiventhattheprobabilityof apositiveincrease
of theweightby Y is 1/6, thenstartingat a slightly positive hungerweight,say, the
maximumwe shouldexpectis about1/3.

We have not dealtwith issuesof geneticcodingandhow geneticcodesrelate
to the “addedmachinery”in the cognitive architectureof affective agents.Rather,
we assumethataddinga realizerof sucha state(e.g.,a neuron)is anevolutionarily
feasibleoperation(e.g.,which couldresultfrom somesortof duplicationoperation
of segmentsof geneticinformationZ [ ) andthatmutationongeneticallycodedweight
informationcanleadto anincreaseor decreaseof weightvalues.

We have, however, consideredan evolutionarily moreplausiblevariantof the
experiment.Startingwith R-agents,let someof theiroffspringhaveadditionalarchi-
tecturalcapacitieswith acertainprobability(in ourcase,thecapacitiesof A-agents).
Theprobability, with whichR-agentshavesuchrandomlyinitialisedA-agentsasoff-
springis 0.25(theresultsarealsovalid for muchlower ratessuchas0.05). It turns
out that environmentswith only R-agentsin the beginning will eventuallybe also
populatedby A-agents(mostof thetime exclusively, seeTable4).

It is worth mentioningthat the resultsof this sectionalso hold for extended
simulations,whereagentsneedasecondresource(e.g.,water)for survival. Multiple
affective control states(e.g.,“hunger” and“thirst”) areevenmorebeneficialwhen
agentshavemultipleneeds,whichcanbeseenfrom thefactthatR-agentscanhardly
surviveon their own in sucha setting(to “alwaysgo for thenearestresource”is not
simplynotagoodstrategy, e.g.,seeZ Z ). They evenloseagainstA-agentsif fitnessis
determinedwithout procreation(seetheendof thelastsection).

7 Discussion

The above experimentshelp us understandsomeof the conditionsin which affec-
tive stateslike hungerhave survivial value,andindicatethat in certaincompetitive
environments,if thereis an option to develop new architecturalresourcesthat im-
plementsuchaffectivestates,thentheseresourceswill likely evolve. Especiallythe
last result is not obvious, for a reasonthat makesthe questionwhy higherspecies
with morecomplex andsophisticatedcontrolarchitecturesevolvedin thefirst place
so fascinating:every speciesalongan evolutionarytrajectoryhasto have a viable
controlarchitecture,whichallows its individualsto surviveandprocreate,otherwise
it will die out. This is a verysevereconstraintimposedon trajectoriesin designand
nichespace,which we areonly slowly beginningto understand.

Our investigationsare, of course,just a start. Many moreexperimentsusing
differentkinds of affective statesareneededto explore the spaceof possibleuses
of affective statesandthespaceof possibleaffective statesitself. We have begunto
explorea slightly differentneighbourhoodin designspaceby allowing someagents
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to havedeliberativecapabilities,andcomparingthemwith A-agents\ . In asurprising
varietyof environmentsthedeliberativeagentsdolesswell, thoughagreatdealmore
investigationis needed.Furtherwork on thecapacitiesof affective statesascontrol
mechanismsand the likelihood of their evolution in certainenvironmentsshould
thusalsohelp to explain why evolutionarydevelopmentsthat increaseintelligence
by addingadeliberative layerwerefavouredby sofew species!
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