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A bstract
Inthispaperweusetechniquesfrom “arti…ciallife” toinvestigatethe

roleof“internalclocks” incertainsimpleformsofcognition. Intwoseper-
atesetsofexperimentswehaveevolvedpopulationsof“arti…cialorgan-
isms” exhibiting“e¢cientwandering” and“detourbehavior”. W eshow
thatin novelenvironments “organisms” with “internal” clocks achieve
betterperformancethanorganisms with noabilitytosensetime. T he
architectureofthese organisms is signi…cantly simplerthan alternative
models ofthesamebehavior. W ethereforesuggestthattheuseof”in-
ternalsensors” cansigni…cantlysimplifycognitivetasks forbiologicalas
wellasarti…cialorganisms.

1 Introduction
T hethemeofthisworkshop istime. Inthispaperwewillexaminetheroleof
time, andtheabilitytomeasuretime, in certainverysimpleformsofanimal
cognitionandbehavior.

Itiswellknownthatvirtuallyallanimalspossess“internalclocks”operating
onavarietyofscales - frommillisecondstomonthsorevenyears(Farner19 85).
T hese clocks - some ofwhose molecularand geneticmechanisms have been
identi…edbyrecentresearch - regulateabroadvarietyofbehaviors andbody
rhythms, from sleep andwakefulness toreproduction andmigration (A scho¤
19 81). T imeandrhythmare, inshort, abasiccomponentofanimalbiology.
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Internalclocks modulatethedynamics ofneurotransmitteravailability in
thebrain(M ooreetal., 19 9 3, W agneretal, 19 9 7 ). Itisreasonable, therefore,
toassumethatcognitioncanmakeuseofclockdata. H ereweusetechniques
from “A rti…cialL ife” (L angton19 9 7 ) toshowthat“arti…cialorganisms” with
“internalclocks” areabletogenerateapparentlycomplexbehaviors usingex-
tremelysimpleneuralmechanismswhichdidnotrequirethecomplex“internal
representations” positedbyalternativemodelsofthesamebehavior. T hissug-
gests thatability tomeasurethepassage oftime is strongly advantagous to
animals, greatlysimplifyingthecognitiveandbehavioraltasks theyareasked
toperform.

2 Twosimplebehaviors
Inourexperimentswe“evolve” “arti…cialorganisms” exhibitingtwowell-known
animalbehaviors: theabilityto“wandere¢ciently” (W alker& M iglino19 9 9 ,
M iglinoetal., 19 9 5) andto“detour” (W alker& M iglino19 9 9 b, M iglinoetal.
19 9 8).

T he …rstbehaviorwe examine is e¢cientwandering. W hen amouse is
released intoan unfamiliarenvironmentit“wanders” inwhatseems tobea
random fashion. “O ptimalforagingtheory” predicts, however, thatwandering
willbe “e¢cient”: on releasethemousewillrapidlyvisitalargeproportion
oftheavailableterritory(Stephens etal. 19 86). T hemouses’s behavioris,
inotherwords, lessrandom thanitseems. A numberofexperimentalstudies
havesupportedthishypothesis (G allistel19 9 0).

T hesecondbehaviorweexamineistheclassical“detourproblem”. W henan
animalseekstoreachfoodoramateitwilloften…ndanobstacleintheway. In
thesecircumstancestheonlywayitcanreachitsgoalistotakeanindirectroute,
involvingthelossofvisualcontactwiththetarget. T hisis“adetour”. D etours
havebeendemonstratedinmanyanimalsincludingchimpanzees(Koelher19 25)
and rats (Tolman 19 30, Tolman 19 48). In the experimentreported herewe
replicatethedetourbehavioroftwodayoldchicks, as observedbyR egolinet
al.(R egolinetal. 19 9 4).

3 Theexperiments
Itiswell-knownthatmanualmodelingofcomplexbehaviorscanbeextremely
di¢cultandoftenleadstoproposalswhichare“un-biological” in‡avor. Inour
experimentsweavoidedthesedi¢cultybyusingaso-calledG eneticA lgorithm
(G A ) (H olland19 7 5, M itchell19 9 6)to“evolve” populationsof“arti…cialorgan-
isms” (seemethods section) controlledby A rti…cialN euralN etworks (A N N s)
anddisplayingtheabilitytoperformasettask: inour…rstsetofexperiments
”e¢cientwandering”,inthesecondset: adetour.

Bothsetsofexperimentsinvolvedtheevolutiontheevolutionofapopulation
of100 such “organisms”. A tthe beginningoftheexperimentwegenerated
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randomgenomesforeachorganism. A ttheendofeachgenerationwemeasured
organisms’ability toperform the settask. Each was assessed in anumber
ofdi¤erentsettings. In the case ofwanderingweused a “…tness function”
whichrewardedcompleteness andspeedofexploration (seemethods section).
In thecaseofdetourthe …tness formularewarded robots which successfully
searchedforthetargetandmovedtowards it. A ttheendofthetestingprocess
the 20% of…ttestorganisms were “selected” forreproduction. Each ofthe
selectedorganisms was madetoproduce …veclones. D uringthis process we
introduced random “mutations“: bits in thegenomewere ‡ipped from 0 to
1 orviceversawithaprobabilityof0.04 perbit/generation (wandering) and
0.02/bit/generation (detour). T he cycle oftest, reproduction and mutation
was iteratedrespectivelyfor600 generations (wandering) and350 generations
(detour).

Finallyweobservedthebehavioroforganismsina“novelenvironment” (see
methodssection)whichtheyhadnotmetduringtheevolutionaryprocess. T his
testmadeitpossibletomeasuretherobustness ofevolvednetworkcon…gura-
tionswithrespecttominorchanges intaskde…nition.

4 R esults
Inbothsetsofexperimentswesuccessfullyevolvedorganismscapableofachiev-
inghighlevelsofperformanceinnovelenvironmentsaswellas inthespeci…c
settingswheretheyhadevolved.

4.1 W andering
In ourworkonwanderingbehaviorwecompared theperformance oforgan-
ismswithandwithout“internalclocks”. T heresults showedthatsolongas
organisms weretested inthesameenvironmentwheretheyhadevolvedthey
achieved similarlevels of…tness - whetherornotthey possessed an internal
clock. Innovelenvironments, ontheotherhand, organismswithinternalclocks
outperformedorganismswithoutclocks(seeFigure1).

A nexaminationofthetrajectories followedbythesetwoclasses oforgan-
ism helps toexplaintheseresults. Figure2 showsatypicaltrajectoryforan
organismwithnointernalclock. T hisstrategyishighlyadaptedtothespeci…c
environmentwheretheorganism hasevolved. T hediameterofthesemi-circles
andthelengthofthelinesegmentsinthetrajectoryareperfectlyadaptedtoto
thecell-sizeusedforevaluationpurposes. T heeasytodescribe, environment-
dependentstrategiesevolvedbyorganismswithnointernalclockmaybecom-
paredwiththemorecomplexbehaviorproducedbyorganismswhichareable
totakeaccountoftimeinput.(seeFigure3). Inexperimentswiththeseorgan-
ismsweobserve, as in theprevious case, thattheorganism turnsonmeeting
anobstacle. Itappearshoweverthatitalsoturns (atanobliqueangle) onre-
ceivinginputfrom itsinternalclock. Inmanycasestherobotwillthentraverse
the…eldboxfollowingacurvedtrajectorywhichmaximizesthenumberofcells
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Figure1: W anderingbehaviorinarectangular”open…eldbox”. Trajectoryof
arobotwith”internalclocks”

Figure2: W anderinginarectangular“open…eldbox”: trajectoriesfollowedby
robotswithno“internalclocks”
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Figure3: E¢ciencyofwanderinginrobots, withandwithout“internalclocks”

visitedenroute. T heabilitytoperiodicallychangedirectionis independentof
theexternalenvironmentwheretherobothasevolved.

Comparingorganismswithandwithout“internalclocks” itmaybeobserved
thatin the absence ofany othersource ofinputthe formerhave necessar-
ily adapted tothe speci…cenvironments wherethey evolved. T he latter, on
theotherhand, haveaccess toasourceofinput(the“internalclocks”) whose
characteristicsareindependentoftheexternalenvironment. T his explainsthe
superiorperformanceof“clocked” organisms inunfamiliarenvironments.

4.2 D etour
Inthecaseofdetourbehaviorsystemswithoutinternalclockscompletelyfailed
togeneratee¤ectivedetours;with internalclocks theybehaved inwayswhich
werestatisticallyindistinguishablefrom thebehaviorofthetwodayoldchicks
used byR egolin etal. (R egolin etal. 19 9 4) in theirexperiments (W alker&
M iglino19 9 9 ). H ereagainanexaminationoftrajectories (seeFigure4) casts
lightonthewayinwhicha“senseoftime” canassistbehavior.

In di¤erentsimulations robots evolved di¤erentstrategies. W e have not
as yetperformed adetailed analysis ofthese strategies orofthe underlying
computationalmechanisms. In generalhoweverthey appeartobebased on
simplerules, forexample(seeFigure4):

1) Main: Move forward turning first clockwise (slowly) and then
anti-clockwise (more rapidly).

2) Taxis: On visual contact with target turn sharply towards the
target. Return to Main

3) Wall following: If left proximity sensors active turn right.
If right sensors active turn left. Move forwards until obstacle out
of view. Return to Main

(1) - an essentialcomponentin theoverallstrategy - requires a sense of
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Figure4: D etourbehavior: trajectories followedbyatypicalrobotinthefour
trainingenvironments. L egend: Smallcircles: terminalpoints fortrajectories
(ifwithin…eldbox). L argecircle: targetarearewardedby…tnessfunction

“time”. W hentherobotisalongwayfromanyobstacleitreceivesnoexternal
stimuli. Itisonlytheinputfrom its“internalclocks”whichallowsittomodify
itsbehavior, activelyexploringtheenvironmentfornewstimuli. T hecombina-
tionofexplorationandtaxis, whichthesesensorsmakepossible, representsan
e¢cientstrategyformovingtowards thetargetevenwhen itis oftenoutside
thecamera’s…eldofvision.

5 D iscussionandconclusions
Classicalmodels ofanimalbehaviormakenoexplicitreferencetotime. For
thebehavioristanimalbehavioris asimplefunctionofthestimuli theanimal
receivesfromtheoutsideworld(W atson19 25). Schematically:

(1) B =f(S)
whereB isthebehaviorandS asetofexternalstimuli.
T his is thebehaviorweobserve in “arti…cialorganisms” with nointernal

clock. Iftheenvironmentis stable“arti…cialevolution” canachieveimpressive
results, as inourexperimentswithwanderinginafamiliarenvironment. O p-
timalbehaviorin oneenvironmentmayhoweverbeseverelysuboptimalin a
another. O urexperimentsshowthatanorganismmayevolveahighlye¤ective
strategyforwanderingin an open …eld boxofoneparticularshape;asmall
changeinthemeasurementsoftheboxisenoughhowevertocompletelyinval-
idatethestrategy. Foranyonewhohas observedtheelasticityofreal-world
animalbehaviorsuch arapid degradation ofperformance seems biologically
unrealistic.

M oderncognitivesciencerecognizesthatinrealityanimalbehaviorismore
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thanasimpleresponsetoexternalstimuli. M anybehaviorsarebestexplained
bypositingtheexistenceof“internalrepresentations”. Schematizingagain:

(2) B t=f(St;R t)
R t=g(St¡1 ;R t¡1)

whereB t;StandR tstandforB ehavior, StimuliandInternalrepresentations
attimet:T hesearetheequationsfora“…nitestateautomaton”.

M anycognitivescientistsarguethatnavigationalskills(suchasthoseneeded
fore¢cientwanderingordetours)requirethepresenceof“topographicalmaps”
(Tolman19 30, Tolman 19 48, G allistel19 9 0), perhaps implementedvia“place
cells” withintheanimal’s brain (O ’Keefe& N adel19 7 8). Inourownexperi-
ments, ontheotherhand, “topographicalmaps”or“placecells”areexcludedby
design;thenetworkarchitecturehasno“hiddenneurons”;thereisnolocation
whereplaceinformationcouldberepresented; theonlyinputsreceivedbythe
outputneuronsarethosefromthesensorsandtheinternalclocks. Inshort:

(3) B =f(S;T)
whereT is theoutputfrom an“internalclock”- acounterwhichcountsup

toacertainnumberandcyclesbacktozero.
W eprove, inotherwords, thatverysimple“arti…cialorganisms”withinter-

nalclockscanperform e¢cientwanderingandsimpledetourswithoutresortto
internalrepresentations. T his does notdemonstratethatbiologicalorganisms
donotpossessorusesuchrepresentations; this isahighlycontroversialissue
(B enett19 96, B urgess 19 9 7 , G allistel19 9 0, O ’Keefeand N adel19 7 8 , Tolman
19 30, Tolman19 48 ). W hatitdoesshowisthattheuseoftimedatacansignif-
icantlysimplifyanumberofcognitivetasks.T herearemanycircumstances in
which itis usefultochangebehavioronceacertaintimehas passed - even in
theabsenceofexternalstimuli. G iventhatallanimalspossess internalclocks
itwouldbesurprisingifevolutionhadfailedtoexploitthem forcognitivepur-
poses. Itseemsverylikelythat“doingitwithrhythm” makes lifesimplerfor
biologicalaswellasarti…cialorganisms.

6 M ethods
6.1 A rti…cialorganisms

T hearti…cialorganisms used in ourexperimentsweresoftwaresimulations (M iglino
etal. 19 9 6) ofthewell-knownKheperarobot(M ondadaetal., 19 9 3). Inputtothe
robotcamefrom 8 infraredproximitysensors, 4sensorslinkedtoalinearvideo-camera
and3 “timesensors”. Proximitysensors haveasensory…eldof20±andaresensitive
toobstacles within 3 cm ofthesensor. O utput(between 0 and 1) is acontinuous,
decreasingfunctionofdistancetotheobstacle. T hevideo-camerahasa…eldofvision
of36±. Eachsensorsproducesanoutputof1 ifthecenterofthetargetlieswithinits
own 9±…eldofvision. T heoutputvalues ofthethreetimesensorswereinitiallyset
tozero, increasingrespectivelyby0.01, 0.02 and 0.03 oneachcycleofcomputation.
W henasensorvaluereached1 itwas resettozero. T hemotorapparatus consisted
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ofaleftandarightwheeldrivenbysteppingmotorswhichcanmovebothforwards
andbackwards. T hemotorapparatuswascontrolledbyanA rti…cialN euralN etwork
(A N N ) with inputneurons representingthestateofthesensors andoutputneurons
controlling the steppingmotors. A numberofdi¤erentarchitectures were tested.
T hearchitecture…nallychosenwasbasedonasimplePerceptron(M insky& Pappert
19 88) inwhichallsensorshaveadirectconnectiontothetwooutputunits. Evolution
involved“mutations” inconnectionstrengths. T hegenomeoftheorganism consisted
ofasequenceofbinarycodednumbers(8 bitspernumber)representingthestrengths
ofindividualconnections.

6.2 Simulationenvironments

6.2.1 W andering

R obots weretestedfourtimes inarectangular9 0 cm by40 cm boxandfourtimes
in a square60 cm by60 cm box. O n each testtherobotstartedwith arandomly
chosen positionandorientation. Formeasurementpurposes theterrainwas divided
intosquare10 cm by10 cm cells. Eachtestconsistedof1,000 cyclesofcomputation.

6.2.2 D etour

Eachenvironmentconsistedofanopen…eldwithnoexternalfence. Inthe…rstenvi-
ronmenttherewasnoobstaclebetweentherobotandthetarget. T hesecond, thirdand
fourthenvironments selectedforactualdetourbehavior. In thesecondenvironment
thetargetwas placedbehindalinearobstacle80 cm long. Inthethirdenvironment
Kheperawasplacedinsidean10* 80 cmcorridor. T hefourthenvironmentuseda40* 7 0
cm U -shapedobstacle(seeFigure4). O bstacleswere3cmhighandofnegligiblethick-
ness;thetargetwas12 cm high. Itfollowsthatinthe“evaluationsessions” therobot
wasalwaysableto“see” thetargetevenwhenthepathtothetargetwasobstructed
byanobstacle. T heevaluationtestwasrepeated…vetimesforeachenvironment. A t
thebeginningofeachcycletherobotwasplacedinarandomlychosenposition9 0 cm
from thetarget. T heheadingwaschosenrandomlyfrom auniform distribution.

6.3 Fitness functions

6.3.1 W andering

fit=ncells+ (nCycles¡cyclesT oCompletion)
W here:
fitis the…tnessattributedtotherobot
nCells is thenumberofdi¤erentcellstouchedbytherobotduringexploraiton
nCycles is thedurationoftheexploration(incycles)
and
cyclesT oCompletion is the numberofcycles traversed before the robothas

touchedeverycellinthebox. (IftherobotnevertouchesallthecellscyclesT oCompletion
is assignedthesamevalueasnCycles.)
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6.3.2 D etour

O n eachcycleofcomputation, foreachorganism thesystem computes thefollowing
function

IF ( “someinfraredsensor” > 0 && old_ position> < new_ position) …tness + +
IF ( “someinfraredsensor” > 0 && old_ position= new_ posion) …tness –
IF (distanceToTarget< 15 cm.) …tness + = 10
T he…rsttwocomponentsinthe…tnessformulaaredesignedtoencourageobstacle

avoidance;thelastcomponentrewardstherobotwhenitapproachedthetarget.

6.4 N ovelenvironments

6.4.1 W andering

T henovelenvironmentconsistedofa120 cm by9 0 cm boxwhichtheorganismshad
notencounteredduringtheevolutionaryprocess. A s inthetestsof…tnessduringthe
evolutionaryprocesseachrobotwastestedfrom 4di¤erentstartingpositions. G iven
thelargersizeofthenewenvironmentthenumberofcomputationcycleswasincreased
to3,000.

6.4.2 D etour

Figure5:

T heorganismsweretestedinacomputerreplicaofanexperimentalsettingused
byR egolinetal. todemonstratedetourbehaviorintwodayoldchicks. (seeFigure
5)

T heorganismsareplacedina“cage” dividedintwobyabarrier. T hepartofthe
cageontheothersideofthebarriercontains acorridor. O ntheendofthecorridor
facingthetargetthereisawindowthroughwhichtheorganismscan“see” thetarget.
O neachsideofthecorridorthereareapertures leadingintotwocompartments, one
facingthetarget, andonefacingin theoppositedirection. T hetwocompartments
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facingthe targetare labeled C and D .; the twocompartments facing in the other
direction arelabeled A and B . A tthebeginningofeachtesttheorganism is placed
inthecorridorclosetothebarrierandallowedtowanderfreely. T hesystem records
the…rstcompartmenttheorganism entersandthetimeittakestoreachit. T hetest
ishaltedafter600 cyclesofcomputation.
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