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Abstract

Biological brainsarecapableof adaptve behaior to sustainperformanceon tasksin theface
of increasinglydifficult constraints Preciselyhow this performanceis achieved,especiallyun-
derdemandingeal-timeconstraintjs animportantproblemin the studyof cognition Brains
areembeddedn andconstrainedy their ervironmens. The brain/ewironmentpair together
form a coupleddynamicalsystenthatmutually influenceandreactto oneanother We canbe-
gin to understandhow suchperformances achieved by studyingrealbehaior on constrained
tasks,andmodelingthis behaior. In this article we presenta taskwith varying conditionsof
time andresourceconstraint.We presentdatacollectedon humangperformng thetaskunder
suchconstraintWe comparemodelsthatwe have developedof this behaior generatiorio hu-
manperformance.Finally we speculaten someof themechanismsf chaoticneurodynamics

thatmaybeinvolvedin theflexible generatiorof behaior underconstraint.

Keywords
Constraintsatisaction,packingtask,dynamicalsystemsgchaoticneurodynamics

SeptembeR5, 2003
~5400words;19refs; 10figures;1 table



ConstraintandDynamicsin Behavior Geneation Harter Kozma& Achunala

1 Introduction

The fundamenal questionfor all biological organismscomesdown to what shouldbe donenext
(Franklin, 1995) In the study of autononous agentsthis hascometo be known asthe action
selection problem.Biological brainsnot only solve this problemwell, but shav amazingabilities
to adaptto changingconstraintin the taskandernvironment. In otherwords,biological organisms
areableto dynamicallyadjustto changingconstraintand maintaingood performanceon tasksin

thefaceof increasingdifficulties.

Biological brainsarefundanentally pattern-feming, self-oiganzing systemsgovernedby non-
lineardynamicallaws (Kelso,1995,pg. 26). It hasbeenshavn thatnonlinear chaoticdynamics
areusedin the formationof perceptuatateyoriesin biological brains(Skarda& Freeman;1987;
Kozmaé& Freeman2000). We believe thatsuchdynamicsarenot only essentialn the formation
of perceptuameaning but alsoin the formation of a shifting hierarcly of intentioral goal states,
thatwe obsene asthe actionselectionbehaior of biological organisms(Thelen& Smith, 1994;

Kelso,1995;Freeman1999;Harter& Kozma,2001a;Clark,1999,1997).

Someresearchers1 dynamicalcognition andneurodynarnts have speculatedn the possibili-
tiesthat morecomple, chaoticlike dynamicsmay play in therole of adaptve behaior (Skarda
& Freemanl1987;Freeman1999;FreemanKozma,& Werbos,2000;Kozma& Freeman1999,
2000,2001a;West& Lebiere,2001). Chaoticdynamicshave beenobsenedin the formation of
perceptuaktatef theolfactorysensan rabbits(Skarda& Freeman1987).SkardaandFreeman
have speculatedhatchaosmay play a fundamentatole in the formationof perceptuameanings.
Chaosprovidestheright blendof stability andflexibility neededy thesystem EssentiallySkarda
andFreemarbelieve thatthenormalbackgroundactvity of neuralsystemss achaoticstate.In the

perceptuasystemsinputfrom the sensorgerturts the neuronakensemblesrom the chaoticback-
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ground,andtheresultis thatthe systentransitiosinto anew attractorthatrepresentthemeaning
of the sensoryinput, giventhe contet of the stateof the organism andits ervironment. But the
normal chaoticbackgroundstateis not like randomnoise. Noise cannotbe easily stoppedand
startedwhereashaoscanessentiallyswitchimmediatelyfrom oneattractorto another Thistype

of dynamicsmaybeakey propertyin theflexible productian of behaior in biological organisms.

Two questionsspringto mind in this view of actionselectionasthe chaoticsearchthroughan
attractolandscap®f intentional goalstates Firstof all, giventhatthisis adynamicalsystemcou-
pledwith areal-timeenvironmentaltask,whatarethelimitsimposedy thefundamentaproperties
of neuralunits andtheir chaoticdynamcs on the generatiorof behaior in realtime. Secondly
how aresuchlandscape$ormedthroughexperiencewith the taskin orderto producegoodper
formance.This articleis primarily concernedvith thefirst questionthoughwe will provide some

speculatioronthesecond.

An importantpropertyof the chaoticbackgroundstateis the speedwith which it canadjust,
dissole andform in reactionto externaleventsandinternalpressuresChaoticdynamicsmay be
akey mechanisnthathelpsto explain the speedwith which appropriatdbehaiors canbe selected

from amonga seeminglyinfinite rangeof possibiliiesin sucha shorttime.

Oneway of learningmoreaboutthe generatiorof behaior is to studypeopleperforming tasks
underconditionsof varying time andresourceconstraint. Anotheris to producemodelsof such
behaior that canreplicatethe performanceundervarying conditions of limited resources.By
studyingthe externalperformancef peopleperforning tasksundersuchconstraintwe canbegin
to learnabouttheirlimitationsin extremeconditions.Studyingbehaior undersuchconditionscan
alsogive usinsightsinto thedevelopmentaprogressionpeopleundegowhenlearningto perform

onanovel task.
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2 Packing Task

To studythe performanceof actionselectionunderconstraintwe have developeda packingtaskas
shavnin Fig. 1, whichis a simplifiedvariantof the populartetriscomputergame(Kozma,Harter,
& Achunala,2002; Harter Kozma,& Franklin,2001; Harter& Kozma,2001a,2001b;Kirsh &
Maglio, 1992,1994). In our packingtask,the subjectis presentedvith a seriesof 10 blocks,that
appeantthetop of theplayingfield. Thereare3 basicblockshapeshavnin Fig. 2. In asequence
of 10 blockswhich constitutesa singletrial, thesubjectwill receve differentblocktypeschoserat
random.Blocks canbe positionedby moving themleft or right, or by rotatingthemclockwiseor
counterclockwise. Oncepositionedby the subjectthey aredroppedontothe playingfield. When
a block dropsonto the playingfield, it descendsintil it reacheshe bottomor is obstructedn its

dowvnwardfall by anotherblock.
##tInsertFigurel here###
### InsertFigure2 here###

The goal of the taskfor the subjectis to packthe shapesnto the bottomof the playingfield as
tightly aspossible.Thedensityof their packing,whichis ameasuref the subjectssuccessnthe
task, canbe calculatedsimply by dividing the areafilled in with blockswith the total area. For
example,in Fig. 1 the playingfield currentlyhas5 columnswith 4 rows in heightfor a total area
of 20. Out of thatareaof 20, 17 cells arefilled with blocks. Thereforein the figure, the current
densityof thepackingis 17/ 20 or 0.85.

The task, simple as it might seem,is still too difficult to perform optimally for a human(3
differentblockscanbe placedin 28 orientationswith 10 blockspertrial givesa searchspaceof
2810 or 3x10'* possiblesequences)Furtherthe taskis mademore difficult by the introducton

of constraintthat must also be consideredvhen choosingbehaior. In this article we discuss
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simulationsof the packingtaskundertwo differenttypesof constraintresourceandtime.

Resourcesre constrainedn the packingtask by giving the subjectonly a certainnumberof
translation/otation resourcest the beginning of a trial. For example,if the subjectis given 15
resourcesthey will only beableto make acombinatio of 15 movesandrotationsover thewhole
10 block trial. Eachhorizonal movement(left or right) andeachrotation (clockwiseor counter
clockwise)expendsoneof the subjectsesourcesWhenthe subjectrunsout of resourcedefore

theendof atrial, any remainirg shapesimply fall atrandomon the playingfield.

Time constraintarethe secondype of constraintmodeledin thesesimulatiins. Whena subject
is playingthe packingtaskunderatime constraintthey will be presentedvith ablock atthetop
of the playingfield andgiven only a certainamountof time to positionthe block, for examplel
second. Whentime runsout, the block falls whetherthe subjecthasfinishedplacingit in their

intendedpositionandorientaton or not.

Time andresourceconstrainfurthercomplicatethe packingtaskandmake optimal play impos-
sible. Undersuchconstraintsystemsareforcedto producebehaior in noisyconditionsandunder
uncertainnformation. But evenundersuchunfavorableconditiors, biological systemsarecapable

of maintainingperformancelevelsin thefaceof increasinglydifficult constraint.

In the next sectionwe presentsomedatacollectedon humansubjectsperfornming the packing
task.In sectiord we presentomputersimulationsof behaior producirg systemgperformng un-
dertime andresourceconstraintin the packingtask. Finally we compareour simulationswith the
humandataanddiscusgheimplicationsof our researctor dynamicalmodelsof actionselection

in autononousagents.
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3 Human Trials

3.1 Overview of the Experimental Conditions

To developourmodelsof the parameterthatpeoplemayintuitively learnandadaptwhenperform
ing the packingtask, we performed a seriesof packingtrials on humansubjects. Subjectswere
asledto performmary packingtrials, with differing time andresourceconstraint.Subjectswere
first allowed to practiceon the taskuntil they were comforablethatthey had obtaineda certain

level of competence.

In theexperiments14 computersciencegraduatestudentperformedhe packingtaskata com-
puterterminal The subjectscontrolledthe position and rotation of the block to be placedby
manipulatng keys on the keyboard. The left andright arrovs causedhe block to be translated
to theleft or right respectiely. The up anddown arrowvs causedlockwiseandcounterclockwise
rotationsrespectrely. These4 actionswerethe only onesallowed to be performed by the sub-
jects. In additionto the playing field itself, the subjectswere givenindicationsof the numberof
resourcesindthenumberof blocksthey hadremainingin thetrial. A slightpauseof afew seconds
wasgivenbeforethestartof eachnew trial, andlongerrestperiodsweregivenafterevery 30trials.

A sessiorof 30trials took about20 minutes.

In thefirst setof experimentswve ranall 14 subjects.Eachsubjectperformed 30 packingtrials
with a 2.0 secondime constraintthen30 morewith a 1.5 secondime constraintandsimilarly
for 1.0and0.5secondime constraint. Thetime constraintseta limit on how muchtime they had
to completemoving a block to its intendedpositionbeforeit wasdroppedfor them. Eachof the
30trials for a particulartime level consistedf perfoming a 10 block packingtaskat a different
resourceconstraintlevel, which varied from 0 resourcego 29 resources. The order that they

recevedtheresourceconstraintrials wasvariedrandomly Sothey mightfirst performatrial with
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15resourcesthenwith 5 resourcesgtc. O resourcdrials actedasatypeof controlthatallowedfor
usto develop a minimum baselinedensitythat happensn the packingtaskwhenblocks simply
fall atrandomontothe playingfield.

The secondsetof experimentshada similar setup asthefirst one. In the secondsetwe ran 16
experimentausing3 subjects.Thetime constrainthasbeenvariedfrom 1.5to 0.5secondsn 0.25
secondntervals (1.5,1.25,1.0,0.75,0.5). Eachtime level had 30 trials with a differentresource
constraintasin the previous experiment. The 3 subjectsvho performedthe 16 experimentsvere
playerswho had achiezed a high level of proficieny on the packingtask, obtainingbetterper
formanceon averagethanotherplayers. The subjectsreachedhis level of performancethrough

repeategracticeandexperiencewith thetask.

3.2 Reaultsof Human Trials

Fig. 3 displaysthe resultsof the humantrials for the first experiment. This experimentwasper
formed mainly to determire the critical time constraintrangewherehumansare no longer able
to sustainperformancebecausehe taskis happeningoo fastfor themto process.As shavn in
thefigure, this pointappearso happersomeavherebetweerl.0 and0.5 secondsDashlinesindi-
catesplineinterpdation of the experimentalpointsfor eachtime constraintseparatelyFromour
obsenationsof thetrials, 1.0 secondstill allowed peopleenoughtime to performsomerotations
andexecutetheirintendedsequencef actions.However at 0.5 seconddlocksfell sofastthatthe
subjectscould only reactminimally, usuallyby trying to guidethe blocksto theleft or right with

no attemptsor possibility of performning rotations.
### InsertFigure3 here###

Fig. 4 shaws the resultsof the secondhumantrials performed by 3 experthumanplayers. We

designedhesdrialsto studythedetailsof theperformancetransitionin thecritical region between
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1.0and0.5 seconds.In the region betweenl.0 and0.5 secondghe humansubjectis sometimes
ableto completetheirintendedmoves,but not always. Also errorratesincreasedrasticallyin this
region. Noticethatthe 3 expertlevel subjectgerformedbetteron averageover the subjectdn the
first experiment.In fact,thesubjectsn this experimenthave gainedenoughproficieng to pushthe
critical time constraintievel to a smallervalue. In experimentl thereappeardo be a smalldrop
in perfomancebetweenl.5 and 1.0 seconds.The expertsubjectsperformednoticeablybetterat
the 1.0 secondtime constraintievel. They managedo pushthe critical time constraintdown to

someavhereat or belov the0.75secondconstraint.

###InsertFigure4 here###

Fig. 5 displaysthe averagedensityachiezed by the experthumansubjectsn the secondexperi-
mentfor resourceconstrainievels (from 14 to 29 resourcesat eachof the 5 time constraint.This
figureillustratesthetransitian in performancethathappenssthetime constrainreachescritical

level beyondthatof humanbrainsto copewith.

###InsertFigure5 here###

4 Computer Simulations

The actionselectionmechanismgpresentechereare meantto model someaspectof biological
organismsain producng behaior onthe packingtaskunderconstraint.n particular we modelthe
selectionof anintendedgoal positionfor a block usinga neuralnetwork or a setof heuristics.

We have developedsereralalgorithmsandheuristicsto performthe packingtaskbasedon vari-
ousprinciples.Amongtheseareneuralnetworks basedn backpropogtion learningandanalgo-
rithm usingheuristicsderived from studyingthe behaior of peopleon the task. We first discuss

theresultsfrom the neuralnetwork simulationsandthenpresenthe modelsusingheuristics.
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4.1 Neural Network

The neuralnetwork basednodel(Harter& Kozma,2001b,2001a)involvesa multi-layer percep-
tron trainedon examplescreatedoy humanexperts. Theseexperimentsvereperformedusingthe
packingtaskwith no resourcdimitations. For training datawe hada humanperform50 pack-
ing trials, andwe capturedandencodedhe input andthe outputof the behaior thatthe human
producedwhen performirg the packingtask. We traineda numberof multi-layer, feed-forward
neuralnetworks on the datacapturedrom the humanexpert, usingmary differentconfigurations
of numberof hiddennodesandtraining epochs.Theresultsshovn herehave beenobtainedusing
the NNs with the bestperformances.

We evaluatedthe performanceof the resultingnetworks by having them performthe task 100
times. The averagedensityachieved by the networks for the 100 testtrials wasthen calculated.
Tablel shavs acomparisorof the bestperformancechieved by the networkswith thatof human
players(discussedn section3) andour heuristicalgorithm (discussedn section4.2). The neural
networks shaved reasonablgerformancawith top scorescloseto the thoseachiered by human
experts. However the networks were never quite capableof perfornming at the levels of human

players.
###InsertTablel here###

4.2 Heuristic Algorithm

We now move on to experimentsperformed undervarying conditiors of time andresourcecon-
straint. We developeda setof heuristicsin orderto modelthe behaior of humanson the packing
taskunderconstraint. The heuristicswere createdby analyzinghumanperformanceon the task,
describedn section3. Our computersimulatiors usingheuristicsevaluatethe resultingsituation

of droppirg agivenblockin aparticularorientationandpositionontothecurrentplayingfield. The
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heuristicevaluationtakesinto accountfactorssuchasthe resultingcontourshapeof the playing
field, andthe creationof unfillable holes,aswell asotherfeatures.Thesefactorscanbe combined
to evaluatethe desirability of placing a block at a particularlocation and orientationgiven the

currentsituation.

The heuristicevaluationof intendedgoal positionsis usedas a startingpoint in the decision
making process.Whenperforning the packingtaskunderconstraint,behaior may be modified
whenthe constraintis factoredinto the decisionmaking process. For example,which move is
consideredbestmaybevery differentif thereareplentyof resourceseft asopposedo whenthere

areonly very few resourceseft.
Expectancy and Resource Constraint Resourceconstraintcaninfluencethe behaior produc-

ing mechanism biologicalorganisms.Peopleseento beableto intuitively adjusttheir behaior
onthepackingtaskto improve performanceandminimizeproblemsrom running outof resources.
For examplewhenpeoplehave plenty of resourceshey freely expendresource®n goodmoves
that may costa lot of resources.However, peopleseemto switch stratgiesandwill selectless

desirablemovesthathelpconsere resourcesvhenthey perceve they arerunning out of them.

We have modeledthis intuitive conseration of resourcesinderconditionsof constraintusinga
factorwe call ExpectancyExpectang is ameasuref theexpectechumberof resourcesieededn
averagefor eachblock. In this caseit is thenumberof resourceshatareexpectedo be neededor
eachblockin orderto obtainareasonablgoodpacking.For example,supposéhatyou intuitively
feelthatyouneed20resource# orderto pack10blocksreasonablyvell. Anotherway of looking
atthiswould bethatyou expectto expend,onaverage2 resource$or eachblockin orderto obtain
agoodpacking.Giventhisintuitive expectang of 2 resourceperblock, you candynamicallyalter

your behaior duringatrial in orderto expendyour resourcesvisely. If you have 5 blocksleft to
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pack you would expectto needabout10 resources.If you actually have 15 resourcedeft you
would feelfairly safein choosingthe move you think best,evenif you have to expend5 resources
in orderto executeit. However, if you only had8 resourcesnstead you might think twice about
expending5 resource®n a move andinsteadpick a slightly worsemove that helpsto consere

resources.

Of coursewe don't believe that peopleconsciouslymake suchcalculationswhile performng
the packingtask. However, they do intuitively develop somethinglike an expectang parameter
throughexperiencen performing the packingtask. This intuitive feel of expectedresourcaisage
guidesthe subjectin modifying behaior approprately undervariousconditions of resourcecon-
straintthatthey encounterOur algorithm usesa comparisorof expectedresourcaisageo actual
resourcesemainingasdescribedabore to help choosemovesthat balancebetweenconseration

of resourcesindoptimalmoves.

Fig. 6 containspseudocodefor the heuristicevaluationalgorithm. We usedthe expectang
conceptasaparametein thealgorithm. Thealgorithmtakesagiveninitial orientationandposition
of ablockto bedroppedalongwith the currentstateof the ervironment andit returrs aresulting
goal orientation and position of whereit would like to drop the block. In orderto comparethe
desirabilityof droppingtheblockin somepositionversusanotherwe measuredariousquantities
of the resultingenvironmentfrom perfornming a particularmove. Thesemeasurementiscluded
suchthingsasthe resultingcontourlengthof the ervironmentfrom droppng the block. Another
measureusedwas a countof the numberof unfillable holescreatedby perfornming a particular
move. Thesemeasuresvere combinedto ratethe desirability of all possiblemoves. The actual
decisionof whichmoveto choosecouldbeinfluencedoy theexpectang parameteandthenumber

of resourcesurrentlyremainirg to theprogram. If thenumberof resourcesvasbelon thenumber
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expectedo be neededalessdesirablemove would be chosenn orderto consere resources.

##InsertFigure6 here###

Noiseand Time Constraint Thesecondype of constraintmodeledn thesesimulationss con-
strainton time. Time pressurecanbe addedto the packingtaskby limiting the amountof time
giventhesubjectfrom presentatiof theblock to whentheblock falls, for the subjectto perform
movesandrotationsin orderto placethe block in their intendedgoal position. Time constraint
manifestthemselesaspressures$o act. As time pressuresreincreasedpehaiors may change
thatfavor easymovesthatarelessproneto errorandconfusionandthatcanbeaccomplisheanore
quickly. For example,rotationsarea muchmore difficult manipulatio to performcomparedo
translationsandmuchmoreproneto errors. As time pressuregareincreasedhumanplayersrely

lessandlesson rotationsandfavor translationrmanipulatons.

Time constraintmanifestthemselesin humanperformancein variousways, but the ultimate
effectis to induceanerror. By an error, we meanthat the subjectfails to move andpositionthe
block to their intendedgoal location. This may happenbecausehey run out of time beforethey
completetheir sequencéo theintendedocation,or time pressuresnayincreasehelik elihoad of

producinganunintendedehaior.

We modeltime constraintin our simulatians by introducingnoise,or randomerrors,into the
simulations.Oneexamplemodelof errorproductionis to saythatsomepercentagef thetime the
block doesnot endup in its intendedgoallocation, but insteadendsup in someotherlocationat
random.A morerealisticmodelis to simulatethe sequencef movesneededo transitionfrom the
initial locationto theintendedgoallocation.In themorerealisticmodel,eachmovein thesequence
maybeerroneouslexecuted. Also thesequencef movescanbe stoppedeforecompletionwith

increasingprobability dependingonthe numberof movesin the sequence.
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In the simulationsdescribedhext, we useda simplistic modelof noiseasthe more elaborated

modelgivessimilar results.

Overview of the Experimental Conditions We carriedout simulatonsof the heuristicaction
selectiormechanisnior the packingtaskwith constraint.We variedeachof the following param-

eters:

e Expectang was varied from a value of 0 to 5.0 in 0.1 increments. The chosenexpectanyg

remainedixedfor a 10 block trial.

e Resourcesverevariedfrom 0 to 29. This representshe numberof resourceghat canbe ex-
pendedin total for a 10 block trial. For example, 15 resourcesneansthat only a total of 15

movesandrotationscanbe performedfor the 10 blocksin atrial.

¢ Noisewasvariedfrom 0% to 100%in 10% increments.As previously stated the resultspre-
sentecherewereobtainedusinga simplemodelof noise.Noiseis intendedo modelthe perfor

manceof subjectaunderincreasingime constraint.

For eachof the 3 combinatiors of parameters100trials wererun andthe averageperformance
on the 100trials wascalculated.Eachtrial consistedf a sequence®f 10 blocks. All of thetrials
wereperformedon playingfieldswith awidth of 5 cells. Performancevasratedby the densityof

the packingachieved.

5 Discussion of the Results

5.1 Resultsof Computer Experiments

Fig. 7 shavs theresultsof the simulationfor 4 valuesof noise:0, 20,40 and60%. The4 contour

plotsdisplaythe densityachiered by the algorithmfor all combinatonsof resourceconstrainiand
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expectang at a givennoiselevel. As noiseincreaseshe level of performancedecreasesver all
valuesof resourcesAlso, andnot surprisirgly, betterperformances achiezedunderconditionsof

moreresourcevailability.
###InsertFigure7 here###

The moststriking featureof the resultsarethe prominentdifferencethatthe expectang param-
etercanmake in performance. In particularthereis a greatincreasein performancearoundan
expectang of 2.5, which is mostprominentat 0% noisebut is still visible at 20 and40%. An
expectang parameteof 2.5 represent&n optimal intuitive heuristicfor decisionmakingin the
packingtaskaswe have setit up (10 blockspertrial with a playingfield of width 5). At 2.5 ex-
pectanyg thealgorithm achievesa goodbalancebetweerconservingesourcesinderconditionsof
tight constraintsandchoosinggoodmoveswhenpossible.Expectang valuesabove 3 still work,
however they tendto betoo conserative andperformancéeginsto degrade.Whenthealgorithm
is too consenrative it endsup with unusedesourcesttheendof thetrial.

In Fig. 8 we showv a differentview of the resultsfor a single value of expectang. Fig. 8
shaws the performancever all valuesof noiseandresourcegor anexpectang valueof 2.5. This
figurerevealsthatresourcdimitationsabove 20 have relatively little effect on performance.If the
numberof availableresourceshowever, dropsbelon 20, the achiezable performancaliminishes
significantly This indicatesthat morethan20 resourcesareneededn the usualcasein orderto

achieve goodpackingdensitieson thetask.
### InsertFigure8 here###

5.2 Comparison of Human Trialsand Computer Simulations

Next, we speculateon the possibleconnectionbetweenour computatimal modelsand human

performanceundertime constraint. Fig. 9 indicatesthat thereis a reasonablenatchbetween
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computersimulatians with 10% noise and humanperformancewith small time pressureg1.5
secavailable). On the otherhand, 70% noise producesperformancecloseto humanswith very
significanttime pressure$0.5sec).We believe thatour heuristicmodeldoescapturesomeaspects

of humangperforming the packingtaskundervariousconditionsresourceandtime constraint.
###InsertFigure9 here###

Fig. 10 shaws the inferredrelationshipbetweenthe time constraintvalue in humantrials and
the noiselevel of computerexperimens. In the computersimulations,our intention hasbeento
approximag time constraintby inducederror level introducedin the computeralgorithm. This
figure shaws that, if thereis indeeda relationshipbetweenthe error level andthe performance
error, thenit canbe describedoy a S-shapdik e curve asshawvn in Fig. 10. Furtherexperimental

studiesandcomputersimulationsareto be conductedo understandhe natureof this relatiorship.
###InsertFigure10 here###

We have usednoiseto modelthe effects of time constrains. It remainsto be seenif a more
realisticactionselectionmodel,usingchaoticdynamicsto generatéehaior, canmodelnot only
the performancdevels and timings of humanbehaior, but also the kinds and typesof errors

producedby humans.

6 Conclusionsand Future Perspectives

Viewing actionselectionasthe self-oganizaton of a goal attractorlandscapéassereral impli-
cations. The timing of the dynamicsto find and settleinto an attractorbasinsetslimits on the
real-timeperformancegossibleby biological brains. However, learningandexperiencecansene
to deepersomeattractorswith the effect thatgoodgoalsandintentionsarefound andsettledinto
morequickly. Experiencenthetaskallows for subjectgo recognizeandsettleinto goodbehaior

attractoranorequickly, andthereforepushbackthethresholdof time constraintunderwhich they
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canproduceeffective behaior. Our expertsubjectsshav someevidenceof this ability to extend

goodperformancento increasinglydifficult time constraintdomairs.

Thetime to recognizeandfall into a goalattractoris a critical featureof performng tasksunder
real time constraint. In the recognitionof perceptualkateyories, two typesof emegentampli-
tude modulaton (AM) patternshave beenidentified (Kozma& Freeman,2001b,2001a,1999,
2000). Whena stimulusis givento a systemthereis a phaseransition from a high dimensional
chaoticattractorto a lower dimensionalwing. The first type of AM patternoccurswith a short
lateny immediatelyafter the stimulus arrives. This early AM patternsrepresentshe impact of
a discriminatedstimuluson the activity of the receving cortex. The secondtype of AM pattern
is endogenouse.qg. internally generatedand occurswith a variablelatengy in the time rangeof

between/50and1200ms.

The secondype of emepgentpatternrepresentshe act of cateyorizationof the input stimulus.
Thetypell patternis theresultof recogniton of stimuli meaningfulin the currentsituationto the

organism.

We believe thatthe sametype of patternformation worksin theemegenceof intentionalactions
from the entorhiral cortex. In this casethe dynamicsprovide the actionselectionmechanisnior
recognizingandchoosingamongstratgiesandgoalsfor the organism Thetime periodof around
750ms. representtheminimum timethattheselectiorandperfomanceof intentionalgoalactions
canbeachieved. Throughlearningin realtime tasks peoplecanpushtheir performanceup to this
limit, but the fundamentatynamicsof the brain dictatesthatintentionalgoalscannotbe formed

in time frameslessthanthis periodneededor the formationof typell AM patterns.

Futurestudieswill be conductedo analyzetherole of time andresourceconstrainton the for-

mationof optimal stratgiesof goal orientedbehaiors. In particular experimentsare plannedto
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investicatetherelationbetweeractionsandEEG actvity in humans.
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Tablel: Performanc&omparison

Density
NeuralNetwork 0.8261
Human 0.8748
Heuristic 0.8615

Figure1l: The packingtask. Blocks appearfrom the top andthe subjectrotatesand movesthe
block beforedroppingit onto the playing field. The goalis to obtainasdenseof a packingas

possible.

Figure2: Thethreedifferentshapeypesusedin the packingtask.
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Human Experiment 1
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Figure3: Humanperformanceon the packingtaskfor thefirst setof trials. Time constraintcondi-

tionsrangedrom 2.0to 0.5secondsn 0.5secondntenvals.
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Human Experiment 2
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Figure4: Humanperformancen the secondsetof trials using3 expertsubjects.Time constraint

rangedrom 1.5to 0.5secondsn 0.25secondntenals.
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Average Performance for Resource Constraints 14-29
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Figure5: Averageperformancechiezedby experthumansubjectover resourceconstraintcondi-
tionsrangingfrom 14 to 29 resourcesNoticethe sharpdropin performancéetweenl.0and0.5

seconds.
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Algorithm: Heuristic Evaluation (H)

Given an expectang FE, remaining resources R, remaining number of blocks B
type of block 7, an initial position of the block P, and an initial orientaton
O;, and an environmental configuration of previously dropped blocks FE;, deter
mine a new position P, and newv orientaton O, to drop the block onto the field.

H1 Calculatelist of all possiblenew positionsandorientatiors M = [P,, O,], givenremaining
resources?.

H2 For eachmove pair [P, O,] in M,.

H2.1 Calculateresourcexpendituesr, to move from initial position[P;, O;] to candidatepo-
sition [P, O,,].

H2.2 Calculatecontourlengthi,, of resultingervironmentF,, afterdroppirg blockin candidate
position|[P,, O,].

H2.3 Calculatenumberof unfillable holesh,, of resultingernvironmentF,,.

H2.4 Scores, thecandidatamove [P, O,,].

H2.4.1 If expectang times numberof blocks remainirg is lessthan remainingresources
FE x B < R; scorecandidatemove [P,, O,] basedsolely on resulting contourlength [,
andunfillable holesh,,.

H2.4.2 Elsescorecandidatemove [P,, O,] usingl, andh, but alsotakinginto accountre-
sourceexpendituer,,.

H2.5 GotoH2 andevaluatenext candidatanove.

H3 Choosecandidatemove [P, O,,] with maximum scoremaz(s,,) astheanswer

Figure6: Pseudaodefor the HeuristicEvaluationalgorithm
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Figure 7: The computersimulationof the packingtaskusingheuristics. This figure shawvs the

averagedensityachiezed by thealgorithmat 0,20,40and60% noiselevels.
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Expectancy 2.5
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Figure8: Averagedensityachiezed by thealgorithm for all resourceconstraintandall noiselevels

for anexpectanyg parametenof 2.5.
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Comparison of Human and Computer
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Figure9: Humanperformancefrom the seconchumantrials for 1.5and0.5 secondsWe compare

this to the computersimulationof actionselectionat 10%and70% noiselevels.
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Modeled Noise Related to Human Time Constraint
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Figurel0: Relationshigetweertime constrainin humantrials anderrorlevel in computersimu-

lations.
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