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We analysecontrol functionsof affective statesin relatively simpleagentsin a variety of en-
vironmentsandtestthe analysisin varioussimulationexperimentsin competitve multi-agent
environments.Theresultsshav that simpleaffective stateg(like “hunger”) canbe effective in
agentcontrolandarelikely to evolve in certaincompetitve ervironments. This illustratesthe
methodologyof exploring neighbourhoodm “designspace’in orderto understandradeofs in
thedevelopmentof differentkinds of agentarchitectureswhethematuralor artificial.

1 Intr oduction

Affective stategsuchasemotions,motivations,desires pleasurespains,attitudes,
preferencesnoods,values.etc.) andtheir relationsto agentarchitecturehave been
receving increasingattentionin Al and Cognitive Science.?:3 Detailedanalyses
of thesesubspecie®f affect shouldinclude descriptionsof their functional roles
in contrikuting to useful capabilitieswithin agentarchitecture§ complementedby
empiricalresearchon affectin biological organismsandconcreteexperimentswith
syntheticagentarchitecturesto confirm that the proposedarchitectureshave the
claimed properties. Our approachcontrastswith most evolutionary Al research,
which attemptsto discoser what can evolve from given inital states. Instead,we
explore “neighbourhoods’and “mini-trajectories”in designspace py startingwith
examplesof agentarchitectureshenexplicitly provide possibleaxtensionswith evo-
lutionary operatorghatcanselectthem,andrun simulationsto investigatenvhich of
theextensionhave evolutionaryadvantagesn variouservironments.This canshov
how slightchangesn ervironmentsaltertradeofs betweerdesignoptions.

To illustrate this methodology we next analysefunctional roles of affective
statesandthendescribeour simulationexperimentswhich shov how certainsim-
ple affective control mechanismganbe usefulin a rangeof ervironmentsandare
therefordik ely to evolve in thoseervironments.
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2 What Affective Statesareand 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 architecturessuficiently like ours. That could rule out
varietiesof fear, hunger or aggressiorfound in insects,for example. We needan
architecture-neutratharacterisationyhich is hardto defineif it is to be applicable
acrossa wide rangeof architecturegsuchas insect-like reactve architecturesor
deliberatve architecturesvith mechanismsbleto represenandreasoraboutnon-
existentand possiblefuture states).Our besthopeis to define“affective” in terms
of afunctionalrole which canbe specifiedndependentf the specificfeaturesof an
architecture.

The intuitive notion of “affect” alreadyhastwo aspectghat arerelevantto a
variety of architecturesnamelydirectionandevaluation On the onehandthereis
directionof internalor externalbehaviour, for instancewantingsomethingpr trying
to avoid something Ontheotherhandthereis positive or negative evaluationof what
is happeningfor instance enjoying somethingor finding it unpleasant.However,
evenevaluationis linkedto directioninsofar asenjoying involvesbeingdisposedo
presere or repeatandfinding painful involvesbeingdisposedo terminateor avoid.
Eitherway affective statesareexamplesof control states.

Yet, notall statesn control systemsreaffective statesgvenif they have some
effect on internalor externalbehaviour. For instance perceving, knowing, reason-
ing, andself-monitoringcan influencebehaiour but are not regardedas affective.
Supposean agentcan use structuresas representationsf statesof affairs (never
mind how). Anything thatrepresentsnustbe capableof failing to representThere
are variouskinds of mismatch,andin somecasesthe mismatchcan be detected,
for instanceperceving thatsomedesiredstatehasor hasnotbeenachiesed,or thata
goalis beingapproachetiut veryslowly. If detectiorof amismatchhasadisposition
to causesomebehaviour to reducethe mismatchthereare(to a first approximation)
two main cases: (1) the behaiour changeghe representationo fit the reality, or
(2) the behaviour changegeality to fit the representationin (1) the systemhasa
“belief-like” state,andin (2) a “desire-like” state.In otherwords,belief-like states
tendto be changedo make themfit reality, whereasattemptsare madeto change
reality to make it fit desire-like states.lIt is this distinctionbetweerbelief-like and
desire-like controlstateghatcangive usahandleon how to construeaffective states,
namelyas“desire-like” control stateswhoserole is initiating, evaluatingandregu-
lating, internalor externalbehaviour, asopposedo merelyacquiring,interpreting,
manipulatingor storinginformation (thatmight or might not be usedin connection
with affective statego initiate or controlbehaiour).

A staterepresentinghe currentpositionof an effector, or the locationof food
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in the environment,or the agents currentenegy level is, therefore not an affective

state.However, statesderivedfrom thesewhich areusedto initiate, select prioritise,

or modulatebehaviour, eitherdirectly or indirectly via othersuchstatesvould be af-

fective states An examplemightbeusingameasuremerdf thediscrepang between
currentenegy level anda “target” level (a“hunger” representation}p modulatethe

tendeng of the systemto reactto perceved food by goingfor it. This might use
eithera“hungerthreshold™to switchon food-seekingpr a continuousgaincontrol.

In complex casesthe “referencestates’usedto determinewhethercorrective
actionis requiredmay be parametrisedy dynamicallychangingmeasure®r de-
scriptionsof the sensedstateto be maintainedor prevented,andthe type of correc-
tiveactionrequired,nternallyor externally. Forinstanceanorganisnthatsomehav
canrecordhow frequentlyfood sourcesare encountereanight usea lower hunger
thresholdto triggersearchingor food. If sensitve to currentterrainit mighttrigger
differentkinds of searchedn differentterrains. Thuswhile therecordsof food fre-
gueny andterrainfeaturesareacquiredthey functionascomponent®f perceptual
or belief-like stateswhereasvhenthey areusedto modulatedecisionmakingthey
functionascomponent®f affective states.

Affective statescanvary in cognitive sophistication.Simple affective mecha-
nismscan be implementedwithin a purely reactive architecturelike the “hunger”
example. More sophisticatechffective stateswhich include construction,evalua-
tion andcomparisorof alternaties,or which requirehigh-level perceptuatateyori-
sations,would requirethe representationalesourceof a deliberatve architecture.
However, recordedneasurementsr labelsdirectly producedby sensorsn reactve
architecturesanhave desire-like functions,andfor thatreasoncanbe regardedas
affective stateghatusea primitive “limiting case’classof representatiorfs

Theremaindeof this paperdescribesimulationexperimentavhereagentswvith
slightly differentarchitecturesompetdor resource# orderto survivein acarefully
controlledsimulatedervironment.Proportionssurviving in differentconditionshelp
to shav theusefulnessf differentarchitecturafeaturesn differentcontexts. It turns
outthatsimpleaffective statescanbe surprisinglyeffective.

3 The Simulation Environment

The simulatedervironmentconsistsof a rectangularsurfaceof fixed size (usually
around800 by 800 units) populatedwith variouskinds of agentsandotherobjects
suchas“lethal” entitiesof varioussizes,somestaticandsomemoving at different
speedsn differentdirections,and“food items” (i.e., enegy sourcesvhich pop up
atrandomlocationsanddisappeaaftera pre-determinegberiodof time unlesscon-
sumedby agents) Agentsuseup enegy atafixedrate,whenstationaryandrequire
additionalenegy proportionalto their speedwhenmoving. Hence they arein per
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manentneedof food, which they canconsumesitting on top of a food sourcein a
time proportionalto theenegy storedin thefood sourcedependingpnthemaximum
amountof enegy anagentcantake in atarny giventime. Agentsdie andareremoved
from thesimulationif they run outof enegy, or if they comeinto contactwith lethal
entitiesor otheragents.

All agentsareequippedwith a“sonar” sensotto detectlethalentities,a“smell”
sensoto detectfood, a“touch” sensoto detectimpendingcollisionsandaninternal
sensorto measuretheir enegy-level. For both sonarand smell sensorsgradient
vectorsare computedand mappedonto the effector space(seebelow), yielding the
directionin which the agentwill move. Thetouchsensoris connectedo a global
alarmsystemwhichtriggersareflex to move away from anythingtouchedunlesst
is food. Thesemovementsareinitiatedautomaticallyandcannotbe controlledby the
agent.They aresomavhaterraticandwill slightly reorientthe agent(thushelpingit
to getoutof “local minima”).

Ontheeffectorside,agentdave motorsfor locomotion(forwardandbackward),
motorsfor turning (left andright in degreeslanda mechanisnfor consumingood.

After a certainnumberof simulationcycles,agentseachmaturityandcanpro-
createaseually, in which casedependingntheir currentenegy level they will have
avariablenumberof offspringwhich popupin thevicinity of theagentoneatatime
(theenepy for creatinganew agents subtractedrom the parentoccasionallycaus-
ing the parentto stare). While differentagentamay have differentshorttermgoals
atary giventime (e.g.,gettingaroundethalentitiesor consumingood), commonto
all of themarethetwo implicit goalsof survival(i.e., to getenoughfood andavoid
runninginto/gettingrun over by lethal entitiesor otheragentsyandprocreation(i.e.,
to live long enoughto have offspring).

For evolutionarystudies,a simplemutationmechanismmodifieswith a certain
probabilitysomeof theagentsarchitecturaparameterge.g.,the parametersespon-
siblefor integratingsmellandsonarinformation). Someoffspringwill thenstartout
with the modified parameterénsteadof beingexact copiesof the parent. This mu-
tation rate aswell asvariousotherparametersieedto be fixed beforeeachrun of
the simulation(a moredetaileddescriptionof the simulationandits variouscontrol
parameterss providedelsavherey.

Inisworthpointingoutthatour setupdiffersin atleasttwo waysfrom othersim-
ulatedervironmentshathave beenusedto studyaffective states»?:1%:11:12 First, by
allowing agentgo procreatd(i.e., have exact copiesof themselesasoffspring) we
canstudytrajectoriesof agentpopulationsandcanthusidentify propertiesof archi-
tectureghatarerelatedto andpossiblyinfluencetheinteractionof agentpopulations.
And second by addingmutation,we canexaminethe potentialof architecturego
be modified and extendedover generation®f agents.In particular by controlling
which component®f anarchitecturecanchangewhile allowing for randomnes#
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theway they canchangewe areableto studyevolutionarytradeofs of suchexten-
sions/modificationsEromtheseexplorationsof “designspace’and“niche space??
we cannotonly derive advantagesand disadwantageof architecturalcomponents,
but alsothelik elihoodthatsuchcomponentsvould have evolvedin naturalsystems
usingnaturalselection.

4 The Agentsand their Architectures

In the following we considertwo kinds of agents:reactiveagents(R-agentsjand
simpleaffective agents (A-agents)(other studieshave compareddifferentkinds’).
R-agentsprocesssensorinformation and producebehaioural responsesising a
schema-baseapproachwhich obviatestheneedfor aspecialactionselectiormech-
anism: both smell and sonarsensorgrovide the agentwith directionalandinten-
sity information of the objectssurroundingthe agentwithin sensorreach,where
intensity = 1/distance? (i.e., the distanceof the objectfrom the currentposition
of the agent). The sumof thesevectors(call them S and F' for sonarandfood, re-
spectvely) is thencomputedasa measuref thedistribution of therespectie objects
in theervironmentandpassean to the motorschemawhich mapsperceptuaspace
into motorspaceyieldingthedirection,in whichto go: §S + vF' (whered and-~ are
therespectie gainvalues)?

A-agentsareextension®f R-agentsThey have anadditionalcomponentyhich
caninfluencethe way sensoryectorfields arecombinedby alteringthe gainvalue
~ basedon the level of enegy. In accordancevith our earlieranalysisof affective
statesasmodulatorsof behavioursand/orprocessegshis componentmplementsan
affective state which we call “hunger”.

Thedifferencen thearchitecturegivesriseto differentbehaiour: R-agentsre
always‘interested’in food andgo for whicheverfood sourcethey cangetto, while
A-agentsare only interestedn food whentheir enegy levels arelow. Otherwise
they tendto avoid food andthuscompetitionfor it, reducingthelik elihoodof getting
killed because®f colliding with othercompetingagentsor lethalentities.

5 The Behavioural Potential of a Simple Affective State

We startour seriesof experimentsy checkingwhethereachagentkind cansurvive
in variouskindsof ernvironmentsonits own. Five agentof the samekind areplaced
in variousernvironments(from ervironmentswith no lethal entitiesto very “danger
ous” ervironmentswith both staticandmoving lethal entities)at randomlocations
to “averageout” possibleadvantagesiueto theirinitial locationoveralargenumber

“Notethatthis formulaleavesout the detailsfor the touchsensoifor easeof presentation.
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Tablel. Surviving agentdn ann-ervironmentwhenstartedwith 5 agentf only onekind.

R-agents A-agents

Env I o Con I o Con
0 1460 | 2.80 | 1.73 || 19.20| 2.74 | 1.70
5 13.20 | 4.78 | 2.96 || 17.20| 3.05| 1.89
10 || 1190 | 3.81| 2.36|| 17.20| 3.77 | 2.33
20 || 11.60| 3.47| 2.15 || 15.40| 3.95| 2.45
30 750 | 443 | 2.75| 13.00 | 3.56 | 2.21
40 290 | 357 | 2.21 | 1040 3.57| 2.21
50 0.20 | 0.63 | 0.39| 8.00 | 3.56| 2.21

Table2. Surviving agentsn ann-ervironmentwhenstartedwith 5 agentsachof bothskinds.

R-agents A-agents

Env I o Con I o 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 fixed at 0.25andthe procreationageat 250 updatecy-

cles. Table1 shaws for eachagentkind the averagenumber(u) of surviving agents
aswell asstandarddeviation (¢) andconfidencdnterval (Con)for o = 0.05 taken
over 10 differentrunsof the simulation,eachfor 10000ervironmentalupdatesor

a given ervironment(where“n-ervironment” is intendedto indicatethat n static
andn moving lethal entitieswere placedat randomin the ervironment). Note that
A-agentsdo significantly betterthan R-agentsf measuredn termsof the average
numberof agentdn eachervironmentatary giventime.

Given that eachagentkind cansurvive on its own, we now comparethe per
formanceof mixed groupsof R- and A-agents. It turnsout that A-agentsreliably
outperformR-agentsn all consideredrnvironmentgseeTable?2).

Theresultsdepencheitherontheinitial numberof agentsior onthedistribution
of moving and static lethal entities: experimentswith differentnumbersof initial
agentsof eachkind aswell asexperimentswith differentnumbersof moving and
staticlethalentities(thataddedupto thesametotal) yield very similarresults.Higher
foodrates(e.g.,of 0.5)do notchangethe pictureeither, ratherthey shov evenmore
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clearlytheability of affective agentgo coexistin largegroups.With lowerfoodrates
the advantageof A-agentsover R-agentsslowly decreaseaswaiting for hungerto
grow beforemoving towardsfood is not a goodstratgy. Eventually at food rates
of 0.125andbelaw, survival in crowdedervironmentsbhecomesmpossiblefor ary
agentkind—therearesimply too mary lethalentitiesobstructingthe pathsto food.

The superiorperformanceof A-agentsmight not seemvery surprising,since
the additionalinformationaboutthe currentenepy level, ignoredby R-agentsput
utilized by A-agentsallows for amorecomplex mappingbetweersensonjinputand
behaioural output. However, usingmoreinformationdoesnotautomaticallyleadto
betterperformanceascanbe seenfrom the factthat A-agentsmayloseout against
R-agentdf the “rules of the game”are slightly modified: in a simulationwithout
procreationwhereeitherthe numbersof surviving agentsof eachkind are counted
after a predeterminechumberof cyclesor the averagelifespanof an agentis used
as a measureof fithess,R-agentsalmostalways perform (slightly) betterthan A-
agentg(in all of the above ervironments).Only in combinationwith procreationis
thetendeny of A-agentgo distributethemselesbetteroverthewholeervironment
(in Seths terminology: their lower degreeof “clumpiness™®?) by virtue of being
at times less attractedto food beneficial,as their offspring will benefitfrom not
having to competeimmediatelywith mary otheragentsin their vicinity. In this
light, the answerto the following questionwhetherA-agentscan be producedby
someevolutionaryprocesss notobviousatall.

6 Simple Affective StatesCan Be Evolved

To studythe degreeto which simpleaffective statedik e “hunger” canbe evolvedin
a competitve ervironment,we allowed for mutationof the link betweenthe com-
ponentconnectedo the enegy sensowhich is supposedo assumeherole of the
affective “hunger” state)andthe componenencodingthe food gainvalue~ in the
mappingfrom perceptuato motor space. This link, expressedasa multiplicative
factorand called“foodweight”, is initialised at randomin the interval (—0.2,0.2).
Wheneer an agenthasoffspring, the probability for “genetic modification” of the
foodweightis 1/3 andthe probabilityfor weightincrease/decreagby the givenfac-
tor 7 = 0.05) is 1/6, respectrely. Everythingelseremainsthe same.

Of all seven ervironments, A-agentsdid not survive in the 40- and 50-
ervironments which arevery toughin thatwrong movesare punishedright away:
thereis simply noroomfor genetictrial anderror?

In the otherfive environments A-agentsevolvedusingthe statein the expected
way, althoughto varyingdegrees:thelesscrondedanervironmentthebettertheuse

bTheonly agentshatsurvivedon 2 out of 10 runswerethe R-agentsn 40-evironments.
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Table3. Averageweightvalues,standardieviation andconfidencdevel ata = 0.05 for the
“foodweight” of the surviving affective agentsn onerunin ann-ernvironment.

Foodweight Foodweight
Env I o Con || Erv I o 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. Surviing affective agentsn ann-ervironmentwhenstartedwith 5 R-agentswhich
canhave randomlyinitialised A-agentsas part of their offspring with a probability of 0.25.
No R-agentsurvivedasinglerun.

A-agents Foodweight

Env I o Con I o Con
0 17.90| 3.60 | 2.23 || 0.18 | 0.10 | 0.06
5 1490|191 | 119 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
40 410 | 5,57 | 345 0.21| 0.10 | 0.06
50 1.00 | 2.31| 1.43 || 0.21| 0.09 | 0.06

of the statecanbe evolved, thereasorbeingthatagentswith initial randomweights
arevery likely to beinefficientin navigatingthroughthe ervironment,if ableat all.
In suchcasest is helpfulif foodis notobstructedy toomary lethalentities. Table3
shavsfor eachervironmentmean standardieviation andconfidencenterval (again
for a = 0.05) for weightsfor all thoserunson which affective agentssurvived. The
above experimentalsoworks for differentmutationratesaswell asdifferentvalues
of 7. Notethatwhile in 5 out of 10 runsthe “affective use” of the statewasevolved
in 0-ervironmentspnly in 2 out of 10 runswasthe useevolvedin 30-ervironments.
The positive valueof the foodweightindicatesthatthe hungerstatedeseresits
name. Yet, the magnitudesf the weight seemsmall given the procreationage of
250andtheincrement/decremefiictorr = 0.05. On closerinspectionhowever, it
turnsout that evolution was quite fast, sinceassuminghat thereare only about40
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generationsf agentsn eachrun, andgiventhatthe probabilityof a positiveincrease
of theweightby 7 is 1/6, thenstartingat a slightly positive hungerweight, say the
maximumwe shouldexpectis about1/3.

We have not dealtwith issuesof geneticcodingand how geneticcodesrelate
to the “addedmachinery”in the cognitive architectureof affective agents.Rather
we assumeéhataddinga realizerof sucha state(e.g.,a neuron)is anevolutionarily
feasibleoperation(e.g.,which could resultfrom somesort of duplicationoperation
of segmentsof genetidnformation'*) andthatmutationon geneticallycodedweight
informationcanleadto anincreaseor decreasef weightvalues.

We have, however, consideredan evolutionarily more plausiblevariantof the
experiment.Startingwith R-agentslet someof their offspringhave additionalarchi-
tecturalcapacitiesvith a certainprobability (in our casethecapacitieof A-agents).
Theprobability, with which R-agenthiave suchrandomlyinitialised A-agentsasoff-
springis 0.25(the resultsarealsovalid for muchlower ratessuchas0.05). It turns
out that ervironmentswith only R-agentsn the beginning will eventuallybe also
populatedby A-agentgmostof thetime exclusively, seeTable4).

It is worth mentioningthat the resultsof this sectionalso hold for extended
simulationswhereagentseedasecondesourcde.g.,water)for survival. Multiple
affective control states(e.g., “hunger” and“thirst”) are evenmorebeneficialwhen
agentdhave multiple needswhich canbeseerfrom thefactthatR-agentsanhardly
survive ontheir own in suchasetting(to “alwaysgo for the nearestesource’is not
simply notagoodstratey, e.g.,see'l). They evenloseagainstA-agentsf fitnessis
determinedvithout procreationseethe endof thelastsection).

7 Discussion

The above experimentshelp us understandsomeof the conditionsin which affec-
tive statedike hungerhave survivial value,andindicatethatin certaincompetitive
ervironments,if thereis an optionto develop new architecturalresourceghatim-
plementsuchaffective statesthentheseresourcewvill likely evolve. Especiallythe
last resultis not obvious, for a reasonthat makesthe questionwhy higher species
with morecomplex andsophisticateaontrol architecturegvolvedin thefirst place
so fascinating:every speciesalongan evolutionarytrajectoryhasto have a viable
controlarchitecturewhich allows its individualsto survive andprocreateptherwise
it will die out. Thisis avery severeconstrainimposedon trajectoriesn designand
nichespacewhich we areonly slowvly beginningto understand.

Our investigationsare, of course,just a start. Many more experimentsusing
differentkinds of affective statesare neededo explore the spaceof possibleuses
of affective statesandthe spaceof possibleaffective statestself. We have begunto
explore a slightly differentneighbourhoodin designspaceby allowing someagents
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to have deliberatie capabilitiesandcomparinghemwith A-agent$. In asurprising
varietyof ervironmentghedeliberatve agentsio lesswell, thougha greatdealmore
investigationis needed Furtherwork on the capacitiesf affective statesascontrol
mechanismsand the likelihood of their evolution in certainervironmentsshould
thusalsohelp to explain why evolutionary developmentghatincreasentelligence
by addinga deliberatve layerwerefavouredby sofew species!
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