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Abstract— Mesoscopiclevel neurodynamicsstudy the collective
dynamical behavior of neural populations. Such models are
becoming increasingly important in understanding large-scale
brain processes.Brains exhibit aperiodic oscillations with a
much more rich dynamical behavior than �xed-point and limit-
cycle approximation allow. Here we presenta discretized model
inspired by Freeman's K-set mesoscopiclevel population model.
We show that this version is capableof replicating the important
principles of aperiodic/chaotic neurodynamics while being fast
enoughfor usein real-time autonomousagent applications. This
simpli�cation of the K model provides many advantages not
only in terms of ef�ciency but in simplicity and its ability to
be analyzed in terms of its dynamical properties. We study the
discrete version using a multi-lay er, highly recurrent model of
the neural architecture of perceptual brain areas. We use this
architecture to develop example action selectionmechanismsin
an autonomousagent.

Index Terms— neurodynamics, chaos, dynamic memory, au-
tonomous agent

I . INTRODUCTION

A. ConnectionistModelsof Spatio-Temporal Neural Dynam-
ics

Recentbiologically inspiredcontrol architecturesfor adap-
tive agentsutilize complex spatial and temporal dynamics
to model cognition. Clark [1] categorizes such biologically
inspiredarchitecturesasthird generationconnectionistmodels.
Third generationconnectionistmodels are characterizedby
increasinglycomplex temporal and spatial dynamics.More
complex temporaldynamicsare due, in part, to the use of
feedbackand recurrentconnectionsin the models.Complex
spatial dynamics are seen in the variety of connectionist
architecturesproduced,usuallymeantto capturesomeaspect
of the architectureof biological brains.Suchsimulationsare
no longerstrictly threelayered,with input, hiddenandoutput
layers,but have many layersconnectedwith specializedand
complex relations.Examplesof third generationconnectionist
modelsinclude the DARWIN seriesproducedby Edelman's
researchassociates[2] and the Distributed Adaptive Control
(DAC) modelsof VerschureandPfeifer [3], [4].

Neuralnetworkswith recurrentconnectionsarewidely used
in the literature.Sucharchitectureshave the potentialof pro-
ducingcomplex behavior, includingchaos.However, theoper-
ating rangeof thesesystemshasbeenpredominantlyselected
in the �x ed-pointregime; seee.g., [5], [6]. This researchhas
contributed to the explosive growth of neuralnetworks with
powerful generalizationcapabilities.More recently, chaotic
modelsof neuralprocessinghavebeenintroducedby anumber
of researchers.Biologically plausible dynamical models of
neuralsystemshave beendevelopedfor example in [7], [8],

[9], [10], [11]. Chaoticmodelshave beenestablishedalso in
the �eld of computationalneural networks [12], [13], [14],
[15], [16], [17]. Theseworksemphasizedchaoscontrol,which
meantthe suppressionof chaosin the models[18], [19].

Someresearchersin dynamicalcognitionandneurodynam-
ics have discussedthe possibilitiesthat aperiodic,chaotic-like
dynamicsmay play in the role of adaptive behavior [20],
[21], [22], [23], [24]. Chaoticdynamicshave beenobserved
in the formation of perceptualstatesof the olfactory sense
in rabbits [20]. Mathematicaltheoriesof the nonconvergent
neurodynamicsof perceptionanddecisionmakinghave been
proposedbasedon theprinciplesof theolfactoryneurodynam-
ics [25], [26]. Otherresearchershaveanalyzedactivity patterns
of primate and humancortex and reportedon the dynamics
of large-scaleneuralorganization[27], [28], [29]. Hardware
implementationof theproposeddynamicalprincipleshasbeen
reportedon VLSI circuitry [30].

Skardaand Freeman[20] have speculatedthat chaosmay
play a fundamentalrole in the formationof perceptualmean-
ings. Chaosprovides the right blend of stability and �e xibil-
ity neededby the system,with swift and robust transitions
from one cognitive stateto the other using �rst order phase
transitions.According to Skarda and Freeman,the normal
backgroundactivity of neural systemsis a chaotic state.In
the perceptualsystems,input from the sensorsperturbsthe
neuronalensemblesfrom thechaoticbackground.Theresultis
that the systemtransitionsinto a new attractorthat represents
the meaningof the sensoryinput, given the context of the
state of the organism and its environment. But the normal
chaotic backgroundstate is not like noise.Noise cannotbe
easily stopped and started, whereaschaos can essentially
switch immediatelyfrom oneattractorto another. This typeof
dynamicsmay be a key propertyin the �e xible productionof
behavior in biologicalorganisms.Basedon theneurophsiolog-
ical �ndings, Freeman[31], [32], [20] hasdevelopeda model
of the chaotic dynamicsobserved in the cortical olfactory
system,calledthe K-sets.K-setshave beenusedsuccessfully
for dynamicmemorydesignsandfor robust classi�cationand
patternrecognition[21], [33], [24], [34].

Principe and colleagueshave developeda discreteimple-
mentationof Freeman's K model using gamma processing
elementsfollowedby a nonlinearity. This approachhasproved
to be very ef�cient to transformthe K model to a discrete
formalism that allows obtaining a solution without the need
for Runge-Kutta integration.Basedon this approach,ef�cient
and accuratesolutions have been obtained both on digital
computersandin VLSI hardwaredomains[30], [35]. Discrete
modelsof dynamicalsystemsarewidely usedin theliterature,
andthey provide analternative to continuoustime systemsby
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solving the discretizedequationsby recursive iterations,see,
e.g. [36], [37].

In the presentwork we introduce an alternative discrete
approachfor solvingFreeman's K models,which is calledKA
model. In KA we introducea secondorder time difference
equation to describethe dynamicsof the basic processing
elements,called KA-0. Consequently, we build higher-level
discrete KA-I, KA-II, and KA-III models. We solve the
differenceequationdirectly, without the needof Runge-Kutta
integration.

B. Introductionto K Sets

TheK-setdynamicsaredesignedto modelthedynamicsof
themean�eld (e.g.average)amplitudeof a neuralpopulation.
A nonlinear, secondorder, ordinary differential equationwas
developedto model the dynamicsof sucha population.The
parametersfor this equationwerederived by experimentation
andobservationof isolatedneuralpopulationsof animalspre-
paredthroughbrainslicing techniquesandchemicalinhibition.
The isolatedpopulationswere subjectedto various levels of
stimulation,and the resulting impulse responsecurves were
replicatedby the K-set equations.

The basicODE equationof a neuralpopulationof the K-
model is:

� �
d2ai (t)

dt2 + (� + � )
dai (t)

dt
+ ai (t) = neti (t) (1)

In this equationai (t) is the activity level (mean�eld ampli-
tude)of the i th neuralpopulation.� and� aretime constants
(derived from observingbiological population dynamics to
variousamountsof stimulation).The left sideof the equation
expressesthe intrinsic dynamicsof theK unit (which captures
a neuralpopulationscharacteristicresponses).

On the right sideof the equationare factorsthat allow for
external network input to the populationnet i (t) Stimulation
betweenpopulationsis governedby a nonlineartransferfunc-
tion. The nonlinear transfer function used in the K-models
is an asymmetricsigmoid that was again derived through
measurementsof the stimulation betweenbiological neural
populations:

neti (t) =
X

j

wij oj (t) (2)

oj (t) = � f 1 � exp[
� (ea j ( t ) � 1)

�
]g (3)

where � is a parameterthat indicatesthe level of arousalin
the population(high valuesindicateda more aroused,moti-
vatedstate),and aj (t) is the activation of the j th population
connectedto the target unit. The asymmetryis an important
property in the transfer function as it meansthat excitatory
input causesa destabilizationof the dynamicsof networks.
This destabilizationis essentialin the collapseof aperiodic
attractorsobserved in biological perceptualsystems.

Theseequationsmodelthedynamicbehavior of theactivity
of isolatedneural populations.In Freeman's K-model, these
are the basicunits that are connectedtogetherto form larger
cooperatingcomponents.Two excitatory or inhibitory units
togetherform a K-I set.A K-I excitatorywith a K-I inhibitory

pair form a K-II set of four units (seeFigure 2). Freeman
andassociatesusedtheseneuralpopulationunits to construct
a model of the olfactory systemthat replicatethe dynamics
observed from EEG recordings.Three or more groups of
K-II units connectedtogether form a K-III unit. The K-
III forms a multi-layer, highly-recurrentneural population
modelof biological perceptualsystems.The K-III modelwas
originally usedto replicatethe chaoticdynamicsobserved in
the olfactorybulb of rabbitsandrats.

According to this view, the dynamics of the brain, as
modeledby the K-III, is characterizedby a high-dimensional
chaotic attractor with multiple wings. The wings can be
consideredasmemorytracesformedby learningthroughthe
animal's life history. In the absenceof sensorystimuli, the
systemis in a high-dimensionalitinerantsearchmode,visiting
variouswings. In responseto a given stimulus,the dynamics
of the system is constrainedto oscillations in one of the
wings,which is identi�ed with thestimulus.Oncethe input is
removed, the systemswitchesback to the high-dimensional,
itinerant basalmodel [38]. Theseresultsfrom the study and
developmentof theK-modelshave led to theestablishmentof
a dynamicaltheoryof perception[39].

Recently, a new classof chaotic behavior, called chaotic
itinerancy, has been introduced [40], [26], [38], which is
related to dynamicalbehavior of K-sets. Chaotic itinerancy
is observed in high-dimensionaldynamicalsystemswith tra-
jectories evolving through successionsof “attractor ruins”,
with eachattractorbeing destroyed as soonas it is reached,
and the systemcontinuouslyremainsunstable,as in a search
mode.Resultsby the KIII model indicate that the complex,
intermittent spatio-temporaloscillations in KIII are possible
manifestationsof Tsuda's attractorruinsandchaoticitinerancy
in a biologically plausibleneuralnetwork model [24], [41].

C. Motivation of KA Modeling

The K setsarean attemptto modelthe aperiodicdynamics
observed in cortical sensorysystems,and to begin to explain
how suchdynamicscontribute to the recognitionandlearning
of sensory patterns in biological brains. Recent work in
aperiodicdynamicsin cortical systems[42], [43], [21], [44],
[45], [46], [38] have begunto move beyondsensorysystemsto
look at how suchdynamicsmayalsohelpusbetterunderstand
the productionof intelligent behavior in biological agents.

The motivation behind the KA model is to develop a
simpli�cation of the original K-sets that is still capableof
performing the essentialdynamics,but is simpler and faster
andthereforemoresuitablefor usein large-scalesimulations
of more completeautonomousagentarchitectures.The KA
is to be used in developing autonomousagents that take
advantageof aperiodicdynamicsfor perception,memoryand
action.

This introduction of KA model has many possible ad-
vantages.The KA simpli�cation usesa discretedifference
equationto replicatetheoriginal K-setdynamics.Thediscrete
differenceequationsare more mathematicallytractableand
analyzable.Besidesmathematicalanalyzability, the KA units
are much more ef�cient. We will show that our KA based
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methodperformsmuch fasterthan approximationtechniques
which solve the ODE equationsusing, e.g., Runge-Kutta
method.This gain in ef�ciency allows for correspondingly
bigger and more complex models to be built, and greatly
expandsthe typesof problemsthat canbe investigatedusing
thesehighly-recurrentneuralmodels.The KA simpli�cation
offers units that we believe are on a very useful level of
abstraction.Theneuralpopulationmodelis moredetailedand
biologically plausible than standardANN and even simpler
cellularautomatamodelsof neurodynamics.Thesimpli�cation
closely replicatesthe dynamicsof the original K-sets while
beingsimplerandmoreef�cient.

First we describea versionof theK-setmodelthatwe have
developedfor usein the creationof adaptive agentcontrol ar-
chitectures,referredto asKA-sets(K-setsfor adaptive agents).
We thenpresentsimulationsusingtheKA-setsto modelsome
of the importantprinciplesof chaoticneurodynamics.Finally
we demonstratethe ability of the KA model to generate
deterministicchaosandshow how the KA units may be used
to learnsimplebehaviors in an autonomousagent.

I I . KA MODEL

A. Description

The purposeof the model presentedhere is to provide
elementaryunitscapableof thecomplex mesoscopicdynamics
observed in the brains of biological organisms.Theseunits
model the dynamicsof populationsof neurons,rather than
a single neuron.The modeledunits presentedhere are also
designedto be computationallyef�cient, so that they may be
usedto build real-timecontrol architecturesfor autonomous
agents.

At its heart the KA model usesa discretetime difference
equationto replicatethedynamicsof theoriginal secondorder
ordinary differential equationsof the K-sets. A unit in the
KA model simulatesthe dynamicsof a neuronalpopulation.
Each KA unit simulatesan activity level, which represents
an averagepopulationcurrentdensity. The basicform of the
differenceequationcanbe given simply asshown in Eq. (4),
which statesthat the currentat time stept is a function of the
currentin the two previous time steps,aswell asthe external
in�uence from thenetinputof unitsconnectedto thesimulated
unit.

ai (t) = F (ai (t � 1); ai (t � 2); neti (t � 1)) (4)

The evolution equationof the KA unit canbe describedby
threecomponentsthatarecombinedto computethesimulated
currentat time t from the currentand the rate of changeof
the currentat time t � 1 andt � 2. Thesethreein�uences on
the simulatedcurrentare 1) a tendency to decayback to the
baselinesteadystatedeci (t); 2) a tendency to maintain the
momentumof the current in a particulardirection momi (t);
and 3) the in�uences of external excitation or inhibition as
input to the unit neti (t).

When isolatedneuralpopulationsareexternally stimulated
away from their baselinesteadystate,oncethe externalstim-
ulation is removed the populationexperiencesan exponential
decayback to the baseline.In the KA model the tendency

to return to the baselinesteadystateis modeledby a decay
term. The resting, or baselinestate of the current in these
model is de�ned asan activity level of 0. The effect of decay
is describedas:

deci (t) = � ai (t) � � (5)

Here � is a parameterthat indicatesthe rate of decay. Since
the differenceis proportionalto the current, the effect is to
causethedecayto be rapidwhentheactivity of theunit is far
from the baseline,while the rateof decayslows down as the
activity approachesthe steadystate.

Neuralpopulationsexhibit a certainamountof momentum
in the dynamicsof their activity over time. In essence,once
a population's current begins to move in a certain direction
(positive or negative) it tendsto keepmoving in thatdirection
even for sometime after any in�uence pushingit has been
removed.In theoriginalK-setmodels,thiswasobservedwhen
stimulatinga isolatedbrain-slicepopulation.After stimulation
ceasedthe population rapidly returned to its resting level.
However in the processof decayingback to the baselineit
will undershootand actually go below the baselinesteady
statefor sometime beforereturningto equilibrium.This slight
oscillation in the neuralpopulationsis what necessitatesthe
usedof the secondorder term of the differential equations,
asonly secondorderequationsarecapableof capturingsuch
oscillatory behavior. The momentumterm is neededin the
KA difference equation in order to capture this dynamic
behavior of the population.Similarly, the momentumterm is
also secondorder, as it relies on two previous time stepsin
order to calculateits in�uence.

To simulatethe momentumof a units activity, we needto
usea functionof theprevioustwo timesteps.This is necessary
so that we can simulatea momentumbasedon the rate of
changeof the activity of the unit, aswell asthe otherreasons
mentionedabove. We �rst de�ne the rate of changeof the
activity at time t, r i (t). This is the differenceof the activity
of the unit at time t from the activity at a previous time step
t � 1. The rateof changeat time t is thus:

r i (t) = ai (t) � ai (t � 1) (6)

With therateat time t de�ned, we candescribethemomen-
tum asshown below:

momi (t) = r i (t) � � (7)

Where� is aparameterthatcontrolshow muchof anin�uence
the momentumhason the dynamicsof the model. � can be
thoughtof asa percentagewhich indicateswhatportionof the
momentumat the presenttime stepshouldcontinueinto the
next time step.

The effect of the net input at time t is the sameas in the
K-model and is shown in Equation8. This is the standard
summationof theactivity of the input units througha transfer
function multiplied by the connectionstrength.The outputor
transferfunctionoj (t) of a KA unit is a functionof theactivity
of theunit. TheKA modelusesthesameasymmetricsigmoid
transfer function and summationmechanismof the original
K-sets.The transferfunction is shown in Equation9. The �
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TABLE I

KA MODEL VARIABLES

Variable Description
ai (t ) Simulatedactivity of i th populationat time t

deci (t ) Differenceat time t due to decayto baseline
mom i (t ) Differenceat time t due to momentum

r i (t ) Rateof changeof the activity at time t
oi (t ) Transferfunction of the activity of the i th unit at time t

net i (t ) Differenceat time t due to externalnet input

TABLE II

KA MODEL PARAMETERS

Parameter Description Default
� Rateof decayto baseline 0.1505
� Rateof momentum 0.0985
� Transferfunction arousallevel 5.0

parameteris a scalingfactorthat indicatesthe level of arousal
of theKA unit. Arousalin biologicalorganismsis a functionof
history andexperience,andcanvary with thingslike surprise
and familiarity with the currentsituation.

neti (t) =
X

j

wij oj (t) (8)

oj (t) = � f 1 � exp[
� (ea j ( t ) � 1)

�
]g (9)

Thesumof the in�uencesin Equations5, 7 and8 represent
the total in�uence that will be applied to the activity of the
unit in the next time step.

ai (t) = ai (t � 1)+ deci (t � 1)+ momi (t � 1)+ neti (t � 1) (10)

In other words, activity of a KA unit is a function of the
decayand momentumterms along with the in�uence from
the net input of externalunits. We sumthe valuesfrom these
threein�uences and add them to the previous activity of the
unit to determinethe new activity of a KA unit. In Table I
we summarizethe variablesusedin the KA model. Table II
provides a summaryof the KA parametersand their values
usedin theexperimentsdescribedin this paper. Thedecayand
momentumratesweredeterminedexperimentallyby �tting the
dynamicsof a singleKA unit to thoseof the original K unit
under various conditions of stimulation and inhibition. The
determinationof thesetime constantswill be discussednext.

B. Determinationof Momentumand DecayTime Constants

We use an empirical methodto determinethe parameters
of the KA model that allow it to closely approximatethe
original K model dynamics.Keepin mind, however, that the
� and� parametersof thetwo modelsrepresentdifferenttime
constants,andassuchwill besetat differentvaluesin thetwo
models.We take asour target thedynamicsof a K modelunit,
andsubjectit to varying intensitiesof externalstimulationand
inhibition, for varying lengthsof time.We then�nd thedecay,
momentumandotherparametersthat allow the KA responses

to bestapproximatethe original K model,usingleastsquared
�t to measurethe difference.

Thereforewe subjecteda K unit to levels of stimulation
ranging from -0.49 to 0.5 in 0.01 increments(intensity =
[-0.49:0.01:0.5]).We also varied the time each stimulation
level was applied to the K unit from 1 to 50 ms in 1 ms
increments(time duration= [1:1:50]). We ran the simulation
of the K unit for 500msin Matlab 6.5 using Runge-Kutta to
solve theODE, andcapturedits responseto the5000different
combinationsof intensityandtime durations.These5000time
seriesrepresentedthetargetdynamicswe tunedtheKA model
to replicate.

With the 5000 samplesof the K unit dynamics,we then
exhaustively searchedthe momentum(� ) and decay(� ) pa-
rameterspaceof the KA model to �nd a combinationthat
replicatethe dynamicsof these5000 samplesof the K0 unit
by a KA0. We applied the same5000 combinationsof the
intensityandtime durationof stimulationto a KA unit for the
various� and� values.Througha systematicsearchwe could
reducethe differencein the dynamicsto an arbitrarily small
amount.We useda hill-climbing algorithm in order to zero-
in on the exact valuesfor the parametersthat provided very
goodapproximationsof the original dynamics.We found that
a decayrate of � = 0.1505and a momentumof � = 0.0985
produceda good �t of the KA to the K model.

The parameterspacede�ned by the momentumand decay
parametersends up forming a smooth function in the KA
model,with only 1 global minima.This makesit easyto �nd
the appropriateparametersto �t the KA singleunit dynamics
to the original K0 unit. For example, in Figure 1 we show
a part of the decayand momentumparameterspaceof the
KA model.Herewe plot decayalongthe X axis from values
rangingfrom 0.1 to 0.2, and momentumis plotted on the Y
axis from 0 to 0.5.Color is usedto indicatetheerror in the �t
at eachpoint in the � /� parameterspace.We canseevisually
that the spaceis smooth,and there is a global minima in
the error somewhere in the areaof � = 0:15 � = 0:1. The
global minima depictedin this �gure is the placewhere the
momentumand decayparametersof the KA model yielded
the closestresultsto the dynamicsof a K0 unit.

Table II summarizesthe parametersof the KA model
discoveredby the parameter�tting processand usedfor the
simulationsandexperimentsdescribedin therestof this paper.
Thearousallevel parameter� is only signi�cant whenwe have
networks of units connectedtogether, it doesnot affect the
dynamicsof a singleunit in isolation.Sincewe areusingthe
sameasymmetricsigmoidaltransferfunctionin boththeK and
KA models,we have useda standardarousallevel of 5.0 in the
experimentsdescribednext. Futurework is neededto explore
the usesof the arousallevel in modelsof cognition, and its
possiblerelationto moreglobal andslow-changingdynamics
suchasneuro-chemicalprocessesthat affect the dynamicsof
populationsin brains.

C. LearningMechanisms

In this section we discuss in more detail the learning
mechanismsused in the KA multi-layer recurrentneurody-
namical models. In the simulationswith autonomousagent
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Fig. 1. A portionof the � / � parameterspaceof theKA model.Decay(� ),
plottedalongthe X axis,variesherefrom 0.1 to 0.2. Momentum(� ), plotted
along the Y axis, varies from 0.0 to 0.5. Intensity indicatesthe calculated
error (using sum squareddifference)betweenthe dynamicsof the KA0 and
K0 unit over the 5000 sampletime series.A global minimum is presentin
the areaof � = 0:15 � = 0:1

architectureswewill beusingtwo typesof unsupervisedlearn-
ing, Hebbiansynapticweight modi�cation andhabituationof
unreinforcedstimuli.

1) Hebbian Mechanismsin the KA Population Model:
The basicidea behindHebbianmechanismsis that when the
activity of two connectedneural units co-occur, they have
somestatistical relationshipto one another. We can exploit
this relationshipby increasingthe likelihoodthat in the future
if oneof theunits is active theotherbecomesactive. This can
be doneby increasingthe strengthof the weight betweenthe
units. In other words, units that tend to �re togethershould
have the weightsbetweenthemstrengthenedso that they are
morelikely to �re togetherin the future.The converseof this
rule is alsotrue,if theunitsdonot tendto �re together, thenthe
strengthof any connectionbetweenthemshouldweaken over
time. This simple mechanismde�nes a type of competitive
processamongthe links betweenneuralunits.

Hebbianlearningis a simpleconcept,but it is very powerful
in shapingthe weight spaceof a neural model to process
stimuli. Hebbian mechanismsallow the models to capture
statisticalregularitiesin the stimulationpatternsthat occur in
the environmentof the organism.

In the simplest formal de�nition of the Hebbianlearning
mechanismwe consider a pre-synapticnode A and post-
synapticnodeB connectedby a link with weight wB A . The
activity or �ring rates of the nodesare representedby the
valuesaA andaB respectively. For simplemodelswherethe
activity of the units ai is a measureof the mean�ring rate
of a neuron,we can correlatethe activity betweenthe units
to determinethe differencewe wish to apply to the weight as
[47]:

� wB A = "aA aB (11)

Here the proposedchangeto the weight � wB A is simply a
function of the product of the activity of the pre and post-

synapticnodestimesa learningrateparameter" .
In mean�eld modelswherethe restingor normal level of

the unit is not necessarily0, we can't simply usethe activity
level of the unit. Insteadwe must look at the �ring rate of
the unit over sometime period. We can determineif a unit
is more or lessactive by comparingits current �ring rate to
what its normalor average�ring rateusually is. The slightly
morecomplex Hebbianrule thusbecomes:

� wB A = "(aA � aA )(aB � aB ) (12)

Here aA and aB representthe average �ring rates of the
pre and post-synapticnodesrespectively. In these�ring rate
models,notice that the current �ring rate can be lower than
the average,which canleadto negative, or decreasingweight
changes.This may or may not be what is wanteddepending
on thetypeof modelbeingexperimentedwith. For example,it
may or may not make senseto strengthenthe weight between
two units when they both have less than averageactivity at
the sametime.

TheK family of models,includingtheKA model,areneural
populationmodels,not modelsof single neurons.Therefore
the concept of the �ring rate of a node is not relevant.
The activity level in KA units representsan averagecurrent
density for the population.However, unlike the simple case,
this averagepopulationcurrentcan changerapidly, sincethe
units areoscillatoryin nature,which makesa simpleHebbian
equationinadequatefor our use.We insteadneedto develop
a conceptof the activity of a unit over sometime window. In
the KA modelswe usethe root meansquareto calculatethe
activity over a time window:

r ms(i; a; b) =

vu
u
t 1

b� a

bX

t = a

ai (t)2 (13)

This statesthat the root meansquareintensity of unit i over
the time interval a to b is given by taking the sum of the
squaresof the activity over the time interval, dividing it by
the time interval, and taking the squareroot. The root mean
squareis a bettermeasureof the activity of a unit over a time
interval than simply taking the averageof the units activity.
The root meansquareis invariantwith respectto the average
activity level, which makes comparingthe rms of two units
moreplausible.

Given thede�nition of the rms to calculatetheactivity of a
unit over an interval, we cande�ne the Hebbianequationfor
the KA model. Normal Hebbian rules comparethe activity
of a unit to its average activity. We instead comparethe
average activity of a unit over an interval to the average
activity of somesubsetpopulationof units.This is necessaryas
determininga baseor averageactivity is not a straightforward
proposition in the K family neural population models. We
thereforedeterminehow the activity of a unit is varying by
comparingit to the currentaverageactivity of a population.

TheHebbianequationusedby theKA experimentsis given
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by:

� wB A = " � (14)

(r ms(A; a;b) � r ms(sea;a;b)) �

(r ms(B ; a;b) � r ms(sea;a;b))

where r ms(sea;a;b) is a spatial ensembleaverageof some
population of units that the units A and B belong to. The
learning rate parameter, " , is determinedexperimentally for
eachsimulation by tuning it to have optimum performance
as de�ned by the simulation. In a similar manner, the time
window used is also determinedexperimentally for each
problem.The normal time window is take from the current
time to sometime in the pastwhich canvary from 50 to 250
time steps.

2) Habituation in the KA Model Experiments:The second
learning mechanismused in the following experiments is
habituation.Habituationis de�ned as a diminishedresponse
to sensorystimuli that is not reinforced.Sensorysignalsthat
arerepeatedlyencounteredbut never co-occurwith appetitive
or aversive signalsbecomediminishedin the organism.This
phenomenais very familiar to people as, for example, we
quickly “tuneout” backgroundnoisesuchasanair-conditioner
in our environment.Thereforehabituationis a type of cumu-
lative rule basedprocess,whereby unreinforcedstimuli are
iteratively tunedout and ignoredby sensorysystems.

In the KA models, Hebbian learning only occurs when
reinforcementsignalsare generatedin the organism. In the
following experiments,reinforcementsignalsareusuallyhard-
codedin the agentsuchthat when it bumpsinto objectspain
signalsare generatedwhich signal opportunitiesfor Hebbian
modi�cation. When a reinforcementsignal is not currently
being producedby the organism,habituationof stimuli will
be performed.

Habituation of stimuli is performedin KA by lessening
the strength of connectionsto neural units that are more
active thananaveragepopulationactivity duringtimesof non-
reinforcement.The basicweight modi�cation for habituation
is de�ned as:

� wB A = � � j(r ms(B ; a;b) � r ms(sea;a;b))j (15)

Here the habituationweight of a link from A to B � wB A is
a function of how far the unit B's activity is above or below
a spatial ensembleaverageof somesubpopulationof units,
times a habituationdecayconstant� . Again � is determined
experimentallyfor eachsimulationby tuning it for optimum
performance.For somecaseswherewe only want to habituate
nodeswhoseactivity is higherthantheaverage(not thosethat
are lower), we can use� wB A = 0 if the rms of B is lower
than the spatialensembleaverage.

Hebbianmodi�cation andhabituationareusuallyperformed
on all plastic connectionsin the simulation. That is to say,
someconnectionsin a simulationarenot variable,and there-
fore do not learn and changein responseto environmental
experiences.The internal links within a KA-II are examples
of non-plasticconnectionsin simulationsusingtheKA model.
Plastic connectionsare usually those links between units
within a layer of, for example,a KA-III.

Fig. 2. The KA hierarchy. The KA-I are a combinationof two excitatory
or two inhibitory units connectedwith mutual feedback.The KA-II is a
combination of a KA-I e and a KA-I i , connectedwith various weights
betweenthem.TheKA-II level allows for bothpositive andnegative feedback
which can createoscillatory behavior. The KA-III level is a collection of
three (or more) KA-II connectedwith various feedforward and feedback
connections.When the threelayersof the KA-III are nonhomogeneous,the
resultingdynamicsof the KA-III systemis chaotic.

I I I . KA MODEL CHARACTERISTICS

A. Oscillatory Dynamicsand KA-II Sets

Freeman[21] postulatesten building blocks of neurody-
namicsthat help to explain how neuralpopulationscreatethe
chaotic dynamicsof intentionality. The �rst three principles
deal with the formation of non-zerosteady-stateand oscil-
latory dynamicsthroughvarioustypesof feedbackin neural
networks with excitatory and inhibitory connections.Figure
2 shows a particularcon�guration, called the KA-II set,with
two excitatory and two inhibitory units connectedtogether.
Suchacon�gurationprovidesexcitatory-excitatory, inhibitory-
inhibitory and excitatory-inhibitory feedbacksimultaneously.
This is one of the simplestcon�gurations with all possible
connectionsbetweenexcitatoryandinhibitory unitsandit will
be usedas the basic model of a mixed excitatory-inhibitory
populationin this paper. In Figure3 we comparethebehavior
of an original K-II with a KA-II. In this comparisonall the
connectionsbetweenunits areset to the samevalue in the K
andKA model.We canseethat the 4 units in the K andKA
modelmaintainsimilar activity levels. Moreover, eachmodel
reachesan approximatesteadystateafter a transienttime of
around10ms.

The KA-II con�guration, in the vastmajority of parameter
settings,producedampedor sustainedoscillatory behavior.
Though someregimes of chaotic behavior may exist in the
simpleKA-II con�guration(see,e.g.,[48]), we restrictourself
to working with oscillatoryKA-II. With sucha con�guration
the KA model is capableof producingoscillatorybehavior of
varyingfrequenciesdependingon thevaluesof theteninternal
weights. Table III gives the parametersand some major
propertiesof threedifferentKA-II sets.wee; wei ; wie ; wii are
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Fig. 3. Comparisonof K-II andKA-II (all internalparametersequal).

TABLE III

KA-I I UNITS USED IN KA-I I I WEIGHT SCALING SIMULATION

Group wee wei wie wii mx � x f 0
1 0.94 1.41 0.80 1.33 -0.25 0.14 31
2 1.05 1.40 0.44 0.05 -0.12 0.30 27
3 1.29 1.27 0.65 1.19 -0.08 0.25 25

theconnectionweights,mx is themeanand� x is thestandard
deviation of the simulatedcurrent over a given 10 second
window (excluding initial transients).The frequency (f 0) is
determinedbasedon the main peakof the power spectrumof
the simulatedcurrent.

Although thereare10 weights,we reducethis to 4 param-
etersby settingthe weightsbetweenlike pair typesto be the
same.For example,theweightsbetweenexcitatoryunits(from
E1 to E2 and from E2 to E1, correspondingly)areset to be
equalandareshown by thevaluewee in thetable.Similarly for
the 2 inhibitory-inhibitory (wii ), 3 excitatory-inhibitory (wei )
and3 inhibitory-excitatory (wie ) weights.

Figure 4A. shows a time seriesof the �rst excitatory unit
from the �rst KA-II group in Table III. In Figure 4B. we
display a statespacerepresentationfor the sameserieswith
time delayof t vs. t+5. We seea stablelimit cycle oscillation
with frequency 31 Hz, after the initial transientsdie out. The
threegroupsshown in the tablearenaturallyoscillatory, that
is to say that they oscillate without external stimulation,as
shown in the �gure. The mean(mx ) and standarddeviation
(� x ) shown in Table III are measuresof the behavior of the
time seriesafter initial transientshave beendiscarded(1000
in this case).The dominantfrequency (f 0) is the frequency
that the KA-II groups oscillate at (in simulatedcycles per
second).The selectedthree parametergroups in Table III
are the results of an extensive parametersearchaimed at
identifying KA-II setswith strong limit cycle oscillationsat
various differing frequencies.In this approachwe generated
500 KA-II groups at random,with different wee, wei , wie
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Fig. 4. An exampleof the oscillatory behavior that can be generatedby a
KA-II con�guration. In A) we show a time seriesof the �rst excitatory unit
from a KA-II con�guration. And in B) we displaya delayedstatespaceplot
of the sameKA-II at t vs. t + 5

and wii parametersuniformly distributed in the range[-2.0,
2.0]. From thesecandidateswe selectedthreesuchthat they
1) showed sustainedoscillationsand2) oscillatedat different
and incommensuratecharacteristicfrequenciesrespectively.

In the next section, we link the three KA-II sets into
a network and show that under certain conditions, the in-
commensuratefrequenciescompetewith eachotherbut none
of them wins. As a result, a complex aperiodic oscillation
emerges.

B. ChaoticDynamicsin KA-III Sets

Freeman's [21] fourth principle building block of neurody-
namicsconcernstheformationof chaoticbackgroundactivity:

The genesisof chaos as background activity by
combined negative and positive feedback among
three or more mixed excitatory-inhibitory popula-
tions.

We demonstratethe productionof deterministicchaosby
the KA model using the mixed excitatory-inhibitory KA-II
populationsdescribedin the previous section in Table III.
The KA-III set, shown in Figure 2, right, is an example of
a con�guration of threeKA-II groupsconnectedtogetherin
order to producechaoticdynamics.In thesesimulations,the
excitatory units from higher layershave projectionsto deeper
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con�guration. We show the time seriesof the E 1 unit of layer 1 (top), layer
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Fig. 6. A statespaceplot of the activity of the E 1 unit of group1. We plot
the activity of the unit at time t vs. the activity at time t + 12.

layers.Recurrentback-projectionsarealsopresentfrom lower
layersback up to higher layers.Theseback-projectionsmay
have delaysassociatedwith them,which re�ects the delayed
natureof theseback-projectionsin biological neuraltissue.

Figures 5 and 6 display a time series and state space
representationfrom a KA-III simulationgeneratedusing this
KA-III con�guration. A calculation of the �rst Lyapunov
exponentof the time seriesusing Wolf 's method[49] shows
a strictly positive exponent of around 0.1 for this series,
indicatingstrongchaoticbehavior.

We now demonstratethe effects of changingthe weights
betweenthe groupson the calculatedLyapunov exponent.In
this simulation, the projection weights betweenlayers were
variedfrom 0% to 100%of their original connectionstrengths,
in 5% increments.Ten simulatedtime serieswere generated

Fig. 7. Effectsof scalingtheexcitatoryweightsbetweentheKA-II layersof
the KA-III on the calculatedLyapunov exponent.The intergroup excitatory
weightsarescaledfrom 0.0 to 1.0 in 0.05 increments.We show the average
calculatedLyapunov exponentfor 10 experimentsat eachscalingfactoralong
with an indicationof thevariation(errorbars).Above the �gure areexamples
of time seriesand statespacesgeneratedby the KA-III at weight scaling
factorsof 0.0, 0.6 and1.0 from left to right respectively.

for eachweightsetting,andtheLyapunov exponentcalculated
on theresultingtime series.Figure7, bottom,plots theeffects
of scaling the projectionweightson the Lyapunov exponent
for this KA-III. When the projectionweightsare reducedto
0% of their original value, the KA-II layersbecomeisolated
andno longeraffect oneanother. In this casewe observe the
dampedoscillatory behavior of the KA-II in layer 1 (Figure
7 top left, we show both the time seriesand a statespace
plot of the delayed activity of the unit against itself). At
a 100% scaling factor we show the dynamicsof the KA-
III where the measuredLyapunov exponentis close to 0.06
(Figure 7 top right). In general,as the projection weights
between layers are increased,the behavior of the KA-III
unit becomesincrementallymore chaotic. Even very small
projecting weights betweenlayers are enough to push the
dampedoscillatory dynamics of a KA-II into a sustained
quasi-periodicorbit. Someinitial conditionsat somescaling
factors,however, producestrongerchaotic interactions.For
example,at a scalingfactorof 0.6 we show oneexamplewith
a measuredLyapunov exponentof 0.15(Figure7 top middle).

C. Comparisonof PowerSpectra of KA ModelsandRatEEG
Signals

In the original K model, the purposeof the K-III set was
to model the chaotic dynamicsobserved in rat and rabbit
olfactorysystems[32], [45], [50]. The K-III setwasnot only
capableof producingtime seriessimilar to thoseobserved in
the olfactorysystemsundervarying conditionsof stimulation
and arousal,but also of replicating major power spectrum
characteristicsof thesetime series.

The power spectrum is a measureof the power of a
particularsignal (or time seriesas for examplethat obtained
from an EEG recording of a biological brain) at varying
frequencies.The typical power spectrumof a rat EEG (see
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Fig. 8. The power spectrumof a rat Olfactory Bulb EEG is simulated
with the KA-III model.The calculated“1/f ” slopeof the EEG andmodel is
approximately-2.0. Rat OB datafrom [51]

Figure8, top) shows a centralpeakin the30-40Hz range,and
a 1=f � form of the slope.The measuredslopeof the power
spectrumvariesaround� = � 2:0. 1=f � type power spectra
areabundantin natureandarecharacteristicof critical states,
betweenorder and randomness,at which chaotic processes
operate.The atypical part of the experimentalEEG spectra
is the centralpeak,indicatingstrongeroscillatorybehavior in
the 
 frequencies.This central peak in the 30-60 Hz range
is known as the 
 frequency band, and is associatedwith
cognitive processesin biological brains.

In Figures8 we show an example of the KA-III models
ability to replicate these types of dynamics. In particular
the power spectrumanalysis (Figure 8, bottom) shows the
typical “1/f ” power spectrumwith a slopeof around-2 and
a central frequency peak,similar to that producedfrom the
EEG recordingsof a rat olfactorybulb.

D. Comparisonof KA to K-Setsand FFNNs

In Table IV we comparethe featuresand equationsof the
K and KA models.The KA model is a discrete,2nd order
differenceequation,asopposedto theoriginal continuous2nd

orderordinarydifferentialequationof the K-sets.Both the K
and KA modelsusetime constantsas parameters(� and � )
in orderto tunethedynamicsof themodelsto thoseobserved
from realneuralpopulations.It shouldbenoted,however, that
thesetime constantparametersare different betweenthe two
modelsand will take on different valuesin order to achieve
thesamedynamics.Both of themodelsusethesamenet input

and asymmetricsigmoidal transfer function to describethe
in�uence of activation passedbetweenthe populationunits.
The�nal itemof this tableshows thetotal timeneededto runa
simulationof aK/KA III thatcontaineda totalof 513unitsand
over 10,000connections.Thesimulationwasof 10 secondsof
activity in theneuralmodelandbothwerecodedandexecuted
using Matlab 6.5 on a 1.0 GHz Pentium class computer.
TheKA implementationusedthediscreteequationsdescribed
in the previous section.The original K unit implementation
usesthe Matlab Runge-Kutta methodfor approximatingthe
solution to the coupledODEs. The KA model executesthe
simulationin just under10 seconds,while the K model takes
over threetimesas long to run the samesimulation.We will
discussmore resultsof this type comparingthe ef�ciency of
the two modelsin comingsections.Thesimulationsdescribed
in the next sectionsuse an implementationported to C++,
which is fasterstill than the Matlab implementation.

Thegenericform of thedifferenceequationusedin standard
FFNN modelscanbe statedas:

ai (t) = F (ai (t � 1); neti (t � 1)) (16)

Herethe activation of a unit i in a FFNN model is a function
of the activation of the unit in the previous time stepalong
with thenet in�uence of input from otherunits in theprevious
time step.In the vastmajority of ANN models,however, the
in�uence of the activity of the unit by the units activity in
a previous time step is ignored, and thus the normal usage
simpli�es to:

ai (t) = neti (t � 1) (17)

In other words the activity of a unit in the next time step
dependssolely on the net input to the unit from externally
connectedunits. This is a reasonablesimpli�cation in strictly
feed-forward networks, sincethereis only a single time step
being simulated. On the introduction of the input to the
�rst layer, the activity simply �o ws forward in one direction
in the network. However, this simpli�cation becomesless
useful in the realmof recurrentlyconnectednetworks, where
the dynamics of a unit over time can be simulated, and
such dynamicsmay effect the performanceof the network.
Most researchin recurrentANNs still only usethe simpli�ed
equation.This meansthat even in recurrentANN research,
the dynamicsof the units dependssolely on the activity of
connectedunits in the previous time step.The units do not
have nor useany intrinsic dynamicsof their own.

The KA model is a simpli�cation of the K-sets.Oneof the
purposesof both models is to capturesthe dynamicsof an
isolatedneuralpopulationin responseto externalstimulation.
As such,both the K andKA modelshave intrinsic dynamics
associatedwith a neuronalunit, such that in the absenceof
externalstimulationthey will continueto modify their activity
levels as a function of the passageof time. This can of
coursebe seenmost clearly in the KA differenceequations,
which include terms that dependon the previous activity
of a unit in determiningthe activity of the next time step,
which differentiatesthesemodels from the vast majority of
ANN modeling.Further, both the K and KA modelsdepend
on a secondorder term in order to correctly replicate the
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TABLE IV

COMPARISON OF FEATURES AND EQUATIONS OF KA AND K-SET NEURAL POPULATION MODELS

KA K
Discrete Continuous

2nd orderdifferenceequation 2nd orderordinarydifferentialequation

ai (t ) = ai (t � 1) + deci (t � 1) + mom i (t � 1) + net i (t � 1) �� d2 a i ( t )
dt 2 + (� + � ) da i ( t )

dt + ai (t ) = net i (t )
deci (t ) = � ai (t ) � �
mom i (t ) = r i (t ) � �

net i (t ) =
P

j
wij oj (t ) net i (t ) =

P
j

wij oj (t )

oj (t ) = � f 1 � exp[ � ( ea j ( t ) � 1)
� ]g oj (t ) = � f 1 � exp[ � ( ea j ( t ) � 1)

� ]g
9 sec. 32 sec.

dynamicsof neural populations.The secondorder term is
necessaryin theK-modelODE in orderto capturethedamped
oscillationsof neuralpopulations.Similarly, in theKA model,
themomentumparameterdependson two previous time steps
of the activation of the unit in order to capturethis type of
behavior.

Another differencebetweenthe K and KA modelson one
side, and ANN modelson the other is, of course,the form
of the transferfunction. In all cases,the nonlinearityof the
transfer function is an important feature in capturing the
nonlinear nature of neural functioning. ANN researchuses
many different transferfunctions,thoughthe mostpopularis
the standardsigmoidaltransferfunction usedin modelsusing
real activation values:

oi (t) =
1

1 + e� a i ( t )
(18)

However, theK andKA modelsusea particularasymmetric
sigmoidal transfer function (Equation 9), that has a �rmer
basisin biologicalnetworks.Theasymmetrictransferfunction
used was derived by Freemanand associatesby studying
the nonlinearpassingof activation betweenbiological neural
populations[50]. The asymmetryis an importantpropertyin
the transferfunctionasit meansthatexcitatory input causesa
destabilizationof the dynamicsof networks. This destabiliza-
tion is essentialin thecollapseof aperiodicattractorsobserved
in biological perceptualsystems.

In Table V we summarizethe comparisonof the KA
and feed-forward neural network (FFNN) models.Both use
discretedifferenceequationsto describethe activity of units
and it' s changesover time. The vast majority of researchin
standardFFNNsusea discreteequation,that simply depends
on the activity of connectedunits at a previous time step to
determinetheactivity of theunit in thecurrenttime step.The
KA model(andoriginal K-sets)model the intrinsic dynamics
of isolatedneuralpopulations.Both needa secondorderterm
in order to capturethe descriptionof thesedynamics.In the
discreteKA model case,two previous time stepsare needed
in order to describethe momentumof a neural population.
Both FFNN and KA modelsusenonlineartransferfunction.
The form of the transferfunction in the K and KA models
is an asymmetricsigmoidaltransferfunction that hasa �rmer
basisin biological observations.The asymmetryis important
in theK family of modelsasit allows for thedestabilizationof
populationsof units in responseto inputs[21]. The biological

modelsof the K family of equationsarealwaysmulti-layered
highly recurrentmodelsthat capturethe architectureof brain
regions.A �nal differencebetweentheKA andFFNN models
is the learning rule. Backpropagation is the main type of
learningmechanismusedin standardFFNN research.TheKA
and K modelsuse Hebbianlearning,habituationand home-
ostasisto adjust the weight spacein simulations[24]. These
learningmechanismshave a �rmer basisin biology andhave
beendirectly observed as processesin brains. The learning
mechanismsusedby the KA model will be discussedmore
thoroughly in later sectionswhen we describesimulations
using the KA model to control autonomousagents.

IV. KA CONTROL OF AUTONOMOUS AGENT

The continuousK setshave beenshown to be goodmodels
of olfactory cortical dynamics.They can replicatethe com-
plex dynamicsand power spectraof biological cortical EEG
recordings.The K setscanlearnusingunsupervisedmethods,
such as Hebbian modi�cation and habituation, to replicate
someof the behavior of rabbitswhen learningnew olfactory
sensorystimuli. The K setshave alsobeenextendedto more
abstractdomainsto demonstratetheir usein standardpattern
recognitiontasks[45], [23], [24].

We are currently extending the KA model to not only
perform perceptualtasks, but to also model the complete
behavior of an organism, from perception to action and
the stepsneededin between[42]. One of the purposesof
producing the KA model was to provide a simpli�ed and
ef�cient systemthat was still capableof producingthe types
of dynamics deemedimportant to biological organisms in
producing generalintelligent behavior. The KA model is a
discreteversionof theoriginalK setsandis usedto experiment
with autonomousagentsto replicateandexplain thedynamics
of cortical systemsin organizing and producing behavior.
Becauseof the ef�ciency gainsmadepossibleby the discrete
simpli�cation, muchlarger neuronalmodelsmay be explored
in thecontext of building controlmechanismsfor autonomous
agents.In this sectionwe describesomesimple examplesof
how KA unitscanbeusedto producebehavior in autonomous
agents.We will show a simple exampleof learningwith the
KA units and comparethe resultsto other dynamicalneural
architectures.
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TABLE V

COMPARISON OF FEATURES AND EQUATIONS OF KA AND FFNN MODELS

KA FFNN
Discretedifferenceequation Discretedifferenceequation

ai (t ) = F (ai (t � 1); ai (t � 2); net i (t � 1)) ai (t ) = F (net i (t � 1))
net i (t ) =

P
j

wij oj (t ) net i (t ) =
P

j
wij oj (t )

oj (t ) = � f 1 � exp[ � ( ea j ( t ) � 1)
� ]g oj (t ) = 1

1+ e� a j ( t )

multi-layer multi-layer
Highly recurrent Feed-forward

Hebbian,habituation Backpropagation

A. LearningObjectAvoidanceBehavior

In this experiment we use a Kheperarobotic agent in a
virtual environment. The task we chooseis similar to that
explored in the original DistributedAdaptive Control models
of Verschure,Kröseand Pfeifer [52]. Figure 9 illustratesthe
morphologyof theKheperarobotandthe internalarchitecture
usedto performtheexperiment.TheKheperarobotis a simple
robotthatcontains8 infra-reddistancesensors(labeledDS1� 8

in the �gure). In this task, the simulatedKheperarobot is
originally endowedwith a setof basicre�exive behaviors that
allow it to wanderaroundin its environment,bumping into
obstaclesand turning away from them. For example, if the
robotbumpsinto anobjecton the left sideof its body, it turns
to theright until it is no longerbumpingtheobstacleandthen
attemptsto continueforward.We useda virtual simulationof
a physical Kheperarobot to perform theseexperiments[53].
The Kheperarobot is equippedwith two independentmotors
attachedto wheels, that allow the robot to move forward,
backwardandturn. We useonly the6 forward facingdistance
sensorsin this experiment.

In Figure 9 we show the architectureusedto perform the
experiment.KA-0 units are usedin the Re�ex, Sensoryand
Motor areasto build the architecture.A setof threere�exive
behaviors are hardwired to perform appropriateactions to
allow the robot to wanderin the environment.The Left Obs
and Right Obs re�exes are connectedto the threesensorson
the left andright sidesof the robot respectively. If any of the
threeconnectedsensorsis at its maximumvalue (indicating
the sensoris touchingan obstacle)thenthe Left Obsor Right
Obs unit will be stimulatedappropriately. The No Obs unit
is similarly connectedto the four forward facing distance
sensors,and it is only stimulatedwhen all four sensorsare
lessthan maximum,indicating that the robot is not bumping
into an obstaclein front of its body.

The Left ObsandRight Obsbehaviors respondto the robot
bumpinginto an obstacleon the left or right sideof the robot
respectively. They are hardwiredto the Turn Left and Turn
Right motor behaviors. For exampleLeft Obs, which detects
thepresenceof anobstacleon theleft, is wired to stimulatethe
Turn Right behavior in order to turn away from the detected
obstacle.Again, in a similar manner, theNo Obsre�ex which
detectsthe condition of no obstaclecurrently impeding the
robotis hardwiredto theMoveForward behavior whichcauses
the robot to move in a forward direction.The Turn Left and
Turn Rightmotorbehaviors arewired aswould beexpectedto

Fig. 9. (Bottom Left) The morphologyof the Kheperaagentwith 8 infra-
red distancesensorspositionedaroundthe body and2 motorsfor movement
Above is a graph of the responseof the distancesensors(dashedline
labeledDS) and the inversedistancesensors(solid line labeledDI) to an
obstacle.(Center)The internal architectureof the Kheperaagent.Re�exes
arehardcodedsuchthat the agentmovesaroundandbumpsinto obstaclesin
the environment.When the agentbumps into an obstacle,it triggersmotor
units to turn away from theobstacleandcontinuein a new direction.Units in
theSensorareagraduallylearnto triggeravoidancebehaviors to avoid objects
at a distancebeforerunning into them.

the Left Motor andRight Motor units to produceappropriate
left turn andright turn behavior. The valuesof the Left Motor
andRightMotor unit arereadoutatdiscreteintervalsto setthe
speedof the robots left and right wheel encoders.The Turn
Left and Turn Right behaviors are connectedtogetherwith
mutually inhibitory connectionsin order to avoid a con�ict
situationwhich can resultsin an impassewhenboth left and
right turn behaviors areequallystimulated.

In this experiment,the goal of the agentis to learnto asso-
ciate long-rangedistancesensoryinformation with behaviors
to learn to trigger avoidancebehaviors at a distance,before
the agentactually bumps into the obstacle.Thereforein the
robotsbehavior architecturewe alsohave a setof unitsthatare
connectedto thelong rangeinfra-reddistancesensors(labeled
'Sensory' in Figure 9 Right). The distancesensorscansense
obstaclesat a distancefrom the robot. Six KA-0 units are
connectedto thenormaloutputof thedistancesensors(DS1� 6

connectedto S1� 6) while six otherKA-0 areconnectedto the
inverseof the indicateddistancesensor(D I 1� 6 connectedto
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S7� 12). The inverseof a distancesensoris maximally active
when no obstacleis detected,and is minimally active when
the sensoris right next to an obstacle.Initially the 12 sensory
KA-0 are fully connectedto eachother with small random
weights (not shown in �gure). Also the 12 KA-0 are fully
connectedto eachof the 3 basicmotor behaviors (Turn Left,
Turn RightandMove Fwd) again with small randomweights.

WeuseHebbianlearningandhabituationon theconnections
betweenthe 'Sensory' units and from the `Sensory' to the
'Motor' units. Since theseconnectionsare initially random,
typically they do not affect the behavior of the robot in the
beginning.The re�exescausethe robot to move aroundin the
environment. Later on the robot may bump into something
on its left. This will causesomeof the Motor behaviors to
be performed,suchas turning right. Sincethe Sensoryunits
that are connectedto sensorson the left side of the body
have becomestimulatedwhile approachingthe obstacle,they
remainhighly active whentheright turn behavior is activated.
Thisallows thestrengthof theconnectionbetweentheSensory
unit for detectionof obstacleson the left and the right turn
behavior to becomestrengtheneddueto Hebbianmodi�cation
becauseof their co-occurringexcitation.Similar strengthening
is happeningbetweenunits thatsensetheabsenceof obstacles
on theright andright turn behavior aswell. Hebbianmodi�ca-
tion is only performedin responseto collisions,andtherefore
collisionsproducea typeof painvalencesignal.Habituationis
performedat other times which lessensextraneousresponses
betweenthe long-rangesensorsand motor behaviors in the
absenceof importantstimuli. Graduallythe links betweenthe
long-rangesensorsandthemotorunitsbecomestrongenough
to activate behavior when an object is sensedat a distance,
beforetherobotactuallybumpsinto it. Thereforetherobothas
learneda type of objectavoidancebehavior throughcoupling
of the activity of its sensorswith its motor behaviors.

B. Results

In Figure10 we show the resultsof learningobjectavoid-
anceusing the architectureand methodsdescribedabove. In
this �gure we display the averageperformanceof the robot
over 50 independentlyconductedsimulations.We plot both
the results with only re�exive behavior (No Learning) and
with the Sensoryunit connectionsbeingmanipulatedthrough
Hebbianmodi�cation and habituation(Learning).Along the
X axis we show the time (in seconds)that the simulation
has been running. We plot the total number of times that
the robot has bumpedinto an object in the environment. In
the caseof the 'No Learning' condition, the robot continues
to move and bump into obstaclesin the environment.In the
Learningcondition,the robot quickly begins to avoid objects,
andeventuallylearnsto movethroughtheenvironmentwithout
bumpinginto anything at all. Theseresultsarecomparable,in
termsof performanceand learningrate, to thoseobtainedby
the original DAC architecture[52].

The KA-0 units using unsupervisedlearning methods,as
shown, canlearnto avoid obstaclesat a distance.This simple
examplealso shows that KA units can be usedto build and
control the behavior of autonomousagents.

Fig. 10. Resultsof Kheperasimulation.As time goesby, the robot learnsto
bumpinto thingslessandless.This �gure representsthecumulative resultsof
50 simulations.Time (in seconds)is plottedalongtheX axis,andtheaverage
cumulative bumpsis plotted along the Y axis. We show the resultswithout
learning(only re�exive behavior) andwith learningturnedon.

As anotherexample,considerthe simpledynamicalneural
Schmitt trigger [54]. Hülse and Pasemannhave shown that a
simple architectureof 2 units is capableof producingobject
avoidanceand exploration behavior in a Kheperarobot. In
their paperthey useda geneticalgorithmto learnappropriate
weights to solve the avoidanceand exploration task. Their
simplearchitecturecontainstwo input units,which receive the
averageactivation from the threeleft and threeright distance
sensorsrespectively, and two motor units. The motor units
are connectedwith mutual inhibitory connections,similar to
how our Turn Left and Turn Right motor units are mutually
inhibitory. We will use the weight settingsthey evolved and
describein [54] to comparetheperformanceto our KA-0 units
in this similarly learnedtask.

Figure11 displaysa comparisonof typical pathsgenerated
in an environmentusingthe KA architecturedescribedprevi-
ously and comparedto the architectureusing the dynamical
Hülse-PasemannSchmitt Triggers (HPST). We use the KA
units after they have adequatelylearnedobstacleavoidance,
at which point we freezethe weights,similar to the evolved
weightslearnedfor the HPST. The pathof a HPST is shown
on the left, while the resultsfrom the KA units behavior is
shown on the right. In general,the KA exhibits comparable
performanceas the HPST in this environment.For example,
we ran10 simulationseachof theHPSTandKA architectures.
Each of the trials simulated60 minutes of activity by the
Khepera robot. These results are summarizedin Table VI
wherewe show the distanceandstandarddeviationsobtained
for the 10 trials for eacharchitecturein this �rst experiment.
The resultsindicatethat the KA traveleda somewhat shorter
distanceover the sametime.

The main goal of this section is to demonstratethat KA
can perform at the same level, and in some casesbetter,
than alternative control algorithms, like the HPST. This is
proof-of-principle of the feasibility of the K-basedcontrol
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Fig. 11. A comparisonof typical pathscreatedby theHülse-Pasemannneural
Schmitt trigger (Left) and the KA units (Right).

TABLE VI

RESULTS OF KA AND HÜLSE-PASEMANN SCHMITT TRIGGER KHEPERA

SIMULATIONS

Experiment1 Experiment2
Arch dist std dist std-d time std-t
KA 246.11m 1.08 3.62 m 0.04 48.51s 0.66

HPST 250.52m 0.27 3.68 m 0.08 51.13s 1.31

approach.In Figure 12 we study how much time it takes to
move from the top of a long corridor to the bottom end. It
is seenthat the trajectoryproducedby KA is more smooth,
while HPST control gives trajectorieswith sharpcorners.In
order to analyzethis behavior, an additionalexperimenthas
beendesignedwith 10 trials of trajectories.We display the
resultsof 10 trials for the HPST architecture(Left) and the
KA architecture(Right), starting at the same location and
orientation(the orientationwasvariedover the 10 trials). The
results for the secondexperiment are summarizedin Table
VI. By both measures,in this environment, the KA is more
ef�cient becauseit travels to the end in less time using less
distance.This is mainly a resultof the form of the pathtaken
by the KA architecture.The KA units trigger the turning
behavior in a moresmoothmanner, andat a greaterdistance
from the obstacles,resultingin smoothed,curved turns.

It is not claimed, however, that the KA architecturede-
veloped here is in any way superior to the HPST for the
given simple task. Other performancecriteria, such as area
exploredandcoveredor meantimesto revisit areas,maygive
different results.But, given appropriateevaluation functions
in thecaseof theHPSTarchitecture,andvaluesignalsfor the
KA architecture,thesediffering taskscouldbelearnedequally
well by eitherapproach.

The dynamicsusedin this experimentby the KA units are
relatively simple.We usea homogeneouscollectionof KA-0
units.The variousrecurrentconnections,in the 'Sensory' and
'Motor' areasdo produceKA-I and KA-II level behaviors.
The real power of the K and KA family of modelscomes

Fig. 12. Pathscreatedby 10 trials of the Hülse-PasemannneuralSchmitt
trigger (Left) and the KA architecture(Right). We study how much time it
takes to get to the end of the corridor and how long of a distancethe agent
travels during this traversal.

whenwe useandexploit chaoticdynamicsto form perceptual
categoriesand producecomplex learnedbehaviors. We have
begun work alongtheselines of usingsuchchaoticdynamics
in autonomousagents.Theresearchalongtheselinesof using
chaoticdynamicsis in progress[55], [56], [57].

V. DISCUSSION

The above task serves to demonstratethat the KA units
can effectively be connectedtogether to form the control
mechanismfor an autonomousagent. The performanceof
the KA units is comparableto that achieved by Hülse and
Pasemannwith their HPSTfor theobjectavoidancetask[54].
Thelearningof objectavoidanceby theKA is alsocomparable
with Verschure,Kröse and Pfeifer's results in their original
distributedadaptivecontrolexperiments[3], [4]. Thedynamics
of the KA units can be shapedby Hebbianmodi�cation and
habituationto reliably associatethe conditionedstimuli from
the long-rangesensorswith the unconditionedandinstinctual
motor responsesto turn away from collisions. This type of
learning is an example of classical conditioning using an
unsupervisedlearning mechanismto associatestimuli with
instinctualbehaviors.

We have not yet, in this simulation, shown how a full
implementationof an aperiodicKA-III might be usedto form
a control mechanismfor an autonomousagent.We believe
that mechanismsbased on the formation and dissolution
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of an aperiodic attractor landscapehave great potential for
improving the cognitive abilities of autonomousagents.The
demonstrationof this remainsour ultimategoal usingKA-III
in the future. The performanceof the KA units for control
in this simulationis by no meansmeantto be an exampleof
what we believe is ultimately achievable by the application
of aperiodicdynamicsto the control problem.Much simpler
architecturesare known to exist that effectively solve the
obstacleavoidance problem in complex environments.For
exampleHülseandPasemann[54] show effectively how one
can evolve the connectionweights betweentwo recurrently
connectedunits to performobstacleavoidance.The recurrent
natureof the connectionsis also importantin our models,as
they form thebasisfor generatingtheoscillatoryandaperiodic
dynamics.The ultimate goal of developing the KA model,
however, is to explore biologically motivated architectures
usingautonomousagentsof completeintentionalsystems.

In this paperwe have demonstratedthe basicability of the
KA modelto replicatethe importantdynamicsof the original
K setsdevelopedby Freemanet. al. [32], [45]. TheKA model
is a discretizedsimpli�cation of the cortical dynamics�rst
developedto model the sensorysystemsof biological brains.
We are now beginning to extend the original K sets to not
only modelcortical sensorydynamics,but to alsoexplain the
productionandselectionof behavior in completeautonomous
systems.Towards that end, we are using the KA sets to
build more complicatedarchitecturesthat capturepiecesof
the importantareasbelieved to contribute to basicintentional
behavior [46].

In our view of cognition and the productionof intelligent
behavior, aperiodicdynamicsplays an important role in the
process.Chaotic dynamicsprovides many advantagesto a
systemthat needsto balancebetweenstability and �e xibility
in the actions it produces.Aperiodic dynamics have been
observed in the sensorycortices of biological brains, and
have beenspeculatedto be useful in the sensoryrecognition
process.The K-III and KA-III are capableof replicatingthe
typesof dynamicsobserved in thesecortical regions.

But perceptualsystemsalone, though very important,are
not the only componentnecessaryfor the productionof intel-
ligent behavior. In [42] we have speculatedon the essential
piecesnecessaryfor the productionof generalintelligent be-
havior. Besidessensoryandmotorsystems,organismsneedat
leasta basicmemorysystem(provided by the Hippocampus)
anda motivationalsystem.Thereis biologicalandexperimen-
tal evidence[21], [33], [58] that the sametypesof dynamics
observedin theperceptualsystem,andmodeledby theoriginal
K-III, may also be the essentialbuilding blocks used in
theseother three areas.The K-IV architectureis a model
of a completeintentionalsystem,comprisingsensory, motor,
memoryandmotivational systems.Eachindividual systemis
modeledby someform of a K-III, andtheK-III togetherform
a completeagent.

We have taken stepstowardsmodelingthe completeK-IV.
In this paper we presentedan example of using KA units
to form the perceptualand motor systems.We are currently
working on KA-III modelsfor thesimulationof Hippocampal
functions such as place cell formation and cognitive map

building [42], [58], [59], [55], [56], [57]. Thesestepsare
essentialto better understandinghow observed cortical dy-
namicsparticipatein theproductionof intentionalbehavior in
biological brains.

VI . CONCLUSION

In this work we have developed a discrete time model
of neural dynamicsin neural networks with excitatory and
inhibitory connections.We have built a hierarchy of KA mod-
els, startingfrom the KA-I and KA-II units with �x ed point
and limit cycle dynamics,to the KA-III modelwith complex
aperiodicdynamics.We have demonstratedthe feasibility of
generatingchaotic oscillations in KA-III and comparedthe
dynamicsof the KA model to the original K sets.The devel-
opedKA units can be usedto build an adaptive autonomous
systemthat exploresan environmentandgeneratesbehavioral
strategies in order to solve a given task. The K and KA
seriesof modelsrepresentstepsto a betterunderstandingof
how aperiodicdynamicsobserved in the cortical systemsof
biological brains play a part in the productionof intelligent
behavior.
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