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Abstract— Mesoscopidevel 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 Freemans K-set mesoscopidevel 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 analyzedin 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 selection mechanismsin
an autonomousagent.

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

I. INTRODUCTION

A. ConnectionistModelsof Spatio-Empoel Neural Dynam-
ics

Recentbiologically inspired control architecturegor adap-
tive agentsutilize complex spatial and temporal dynamics
to model cognition. Clark [1] categorizes such biologically
inspiredarchitecturegsthird generatiorconnectionistmodels.
Third generationconnectionistmodels are characterizedby
increasingly complex temporal and spatial dynamics. More
compl temporaldynamicsare due, in part, to the use of
feedbackand recurrentconnectionsin the models. Comple
spatial dynamics are seenin the variety of connectionist
architectureproducedusually meantto capturesomeaspect
of the architectureof biological brains. Such simulationsare
no longerstrictly threelayered,with input, hiddenand output
layers,but have mary layersconnectedwith specializedand
comple relations.Examplesof third generatiorconnectionist
modelsinclude the DARWIN seriesproducedby Edelmans
researchassociate$2] and the Distributed Adaptive Control
(DAC) modelsof Verschureand Pfeifer [3], [4].

Neuralnetworkswith recurrenttonnectionsarewidely used
in the literature. Sucharchitectureshave the potentialof pro-
ducingcomple behaior, including chaos However, the oper
ating rangeof thesesystemshasbeenpredominantlyselected
in the x ed-pointregime; seee.g.,[5], [6]. This researcthas
contrituted to the explosive growth of neural networks with
powerful generalizationcapabilities. More recently chaotic
modelsof neuralprocessindiave beenintroducedoy a number
of researchersBiologically plausible dynamical models of
neural systemshave beendevelopedfor examplein [7], [8],

[9], [10], [11]. Chaoticmodelshave beenestablishedalsoin
the eld of computationalneural networks [12], [13], [14],
[15], [16], [17]. Theseworksemphasizedhaoscontrol,which
meantthe suppressiorof chaosin the models[18], [19].

Someresearchergh dynamicalcognitionand neurodynam-
ics have discussedhe possibilitiesthat aperiodic,chaotic-like
dynamicsmay play in the role of adaptve behaior [20],
[21], [22], [23], [24]. Chaotic dynamicshave beenobsenred
in the formation of perceptualstatesof the olfactory sense
in rabbits[20]. Mathematicaltheoriesof the noncowergent
neurodynamic®f perceptionand decisionmaking have been
proposedasedon the principlesof the olfactoryneurodynam-
ics[25], [26]. OtherresearcherBave analyzedactvity patterns
of primate and humancortex and reportedon the dynamics
of large-scaleneural organization[27], [28], [29]. Hardware
implementatiorof the proposedlynamicalprincipleshasbeen
reportedon VLSI circuitry [30].

Skardaand Freeman[20] have speculatedhat chaosmay
play a fundamentalole in the formation of perceptuamean-
ings. Chaosprovidesthe 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 Skardaand Freeman,the normal
backgroundactiity of neural systemsis a chaotic state.In
the perceptualsystems,input from the sensorsperturbsthe
neuronaknsemblesrom the chaoticbackgroundTheresultis
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 backgroundstateis not like noise. Noise cannotbe
easily stoppedand started, whereaschaos can essentially
switchimmediatelyfrom oneattractorto another This type of
dynamicsmay be a key propertyin the e xible productionof
behaior in biological organisms Basedon the neurophsiolog-
ical ndings, Freemar{31], [32], [20] hasdevelopeda model
of the chaotic dynamicsobsered 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 Freemars K model using gamma processing
elementdollowed by a nonlinearity This approacthasproved
to be very efcient to transformthe K model to a discrete
formalism that allows obtaining a solution without the need
for Runge-Kitta integration.Basedon this approachgef cient
and accuratesolutions have been obtained both on digital
computersaandin VLS| hardwaredomains[30], [35]. Discrete
modelsof dynamicalsystemsarewidely usedin the literature,
andthey provide analternatve to continuoustime systemsby
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solving the discretizedequationshy recursve iterations,see,
e.g.[36], [37].

In the presentwork we introduce an alternatve discrete
approactor solving Freemars K models,which is calledKA
model. In KA we introduce a secondorder time difference
equationto describethe dynamicsof the basic processing
elements,called KA-0. Consequentlywe build higherlevel
discrete KA-I, KA-ll, and KA-lll models. We solve the
differenceequationdirectly, without the needof Runge-Kitta
integration.

B. Introductionto K Sets

The K-setdynamicsaredesignedo modelthe dynamicsof
themean eld (e.g.average)amplitudeof a neuralpopulation.
A nonlinear secondorder ordinary differential equationwas
developedto model the dynamicsof sucha population.The
parametergor this equationwere derived by experimentation
andobsenation of isolatedneuralpopulationsof animalspre-
paredthroughbrainslicing techniquesandchemicalinhibition.
The isolated populationswere subjectedto various levels of
stimulation, and the resulting impulse responsecurves were
replicatedby the K-set equations.

The basic ODE equationof a neural populationof the K-
modelis:

d?a; (t) da (t)
gz TOF ) 1)
In this equationa; (t) is the actwvity level (mean eld ampli-
tude)of thei™ neuralpopulation. and aretime constants
(derived from observingbiological population dynamicsto
variousamountsof stimulation).The left side of the equation
expresseghe intrinsic dynamicsof the K unit (which captures
a neuralpopulationscharacteristiaesponses).

On the right side of the equationare factorsthat allow for
external network input to the populationnet;(t) Stimulation
betweenpopulationsis governedby a nonlineartransferfunc-
tion. The nonlineartransfer function usedin the K-models
is an asymmetricsigmoid that was again derived through
measurementsf the stimulation betweenbiological neural
populations:

+ a(t) = net;(t)
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where is a parametetthat indicatesthe level of arousalin
the population(high valuesindicateda more aroused,moti-
vatedstate),and a; (t) is the activation of thej ™ population
connectedo the tamget unit. The asymmetryis an important
propertyin the transferfunction as it meansthat excitatory
input causesa destabilizationof the dynamicsof networks.
This destabilizationis essentialin the collapseof aperiodic
attractorsobsered in biological perceptuakystems.
Theseequationgnodelthe dynamicbehaior of the activity
of isolatedneural populations.In Freemars K-model, these
are the basicunits that are connectedogetherto form larger
cooperatingcomponents.Two excitatory or inhibitory units
togetherform a K-l set.A K-I excitatorywith a K-l inhibitory

pair form a K-II set of four units (seeFigure 2). Freeman
and associatesisedtheseneuralpopulationunits to construct
a model of the olfactory systemthat replicatethe dynamics
obsered from EEG recordings. Three or more groups of
K-II units connectedtogetherform a K-Ill unit. The K-
Il forms a multi-layer, highly-recurrentneural population
modelof biological perceptuakystemsThe K-l modelwas
originally usedto replicatethe chaoticdynamicsobsered in
the olfactory bulb of rabbitsandrats.

According to this view, the dynamics of the brain, as
modeledby the K-Ill, is characterizedy a high-dimensional
chaotic attractor with multiple wings. The wings can be
consideredas memorytracesformed by learningthroughthe
animals life history In the absenceof sensorystimuli, the
systemis in a high-dimensionaitinerantsearchmode,visiting
variouswings. In responseéo a given stimulus,the dynamics
of the systemis constrainedto oscillationsin one of the
wings,which is identi ed with the stimulus.Oncetheinputis
removed, the systemswitchesback to the high-dimensional,
itinerant basalmodel [38]. Theseresultsfrom the study and
developmentof the K-modelshave led to the establishmenof
a dynamicaltheory of perception[39].

Recently a new classof chaotic behaior, called chaotic
itinerang, has been introduced [40], [26], [38], which is
relatedto dynamicalbehaior of K-sets. Chaotic itinerangy
is obsered in high-dimensionadynamicalsystemswith tra-
jectories evolving through successionf “attractor ruins”,
with eachattractorbeing destryed as soonasit is reached,
andthe systemcontinuouslyremainsunstable,asin a search
mode. Resultsby the KIll model indicate that the comple,
intermittent spatio-temporabscillationsin Klll are possible
manifestation®f Tsudas attractorruinsandchaoticitinerangy
in a biologically plausibleneuralnetwork model[24], [41].

C. Motivation of KA Modeling

The K setsarean attemptto modelthe aperiodicdynamics
obsered in cortical sensorysystemsandto begin to explain
how suchdynamicscontrikbute to the recognitionandlearning
of sensory patternsin biological brains. Recent work in
aperiodicdynamicsin cortical systemg42], [43], [21], [44],
[45], [46], [38] have begunto move beyond sensorysystemgo
look at how suchdynamicsmayalsohelp usbetterunderstand
the productionof intelligent behaior 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
and thereforemore suitablefor usein large-scalesimulations
of more completeautonomousagentarchitecturesThe KA
is to be usedin developing autonomousagentsthat take
adwantageof aperiodicdynamicsfor perceptionmemoryand
action.

This introduction of KA model has mary possible ad-
vantages.The KA simpli cation usesa discrete difference
equationto replicatethe original K-setdynamics.The discrete
difference equationsare more mathematicallytractable and
analyzable Besidesmathematicabnalyzability the KA units
are much more efcient. We will shov that our KA based
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methodperformsmuch fasterthan approximationtechniques
which solve the ODE equationsusing, e.g., Runge-Kitta
method. This gain in efciency allows for correspondingly
bigger and more complexc modelsto be built, and greatly
expandsthe typesof problemsthat can be investicated using
thesehighly-recurrentneural models. The KA simpli cation
offers units that we believe are on a very useful level of
abstractionThe neuralpopulationmodelis moredetailedand
biologically plausiblethan standardANN and even simpler
cellularautomatanodelsof neurodynamicsThesimpli cation
closely replicatesthe dynamicsof the original K-sets while
being simplerand more ef cient.

First we describea versionof the K-setmodelthatwe have
developedfor usein the creationof adaptve agentcontrol ar
chitecturesreferredto asKA-sets(K-setsfor adaptve agents).
We thenpresensimulationsusingthe KA-setsto modelsome
of the importantprinciplesof chaoticneurodynamicsFinally
we demonstratethe ability of the KA model to generate
deterministicchaosand shawv how the KA units may be used
to learnsimple behaiors in an autonomousgent.

Il. KA MODEL
A. Description

The purposeof the model presentedhere is to provide
elementaryunits capableof the complex mesoscopidynamics
obsenred in the brains of biological organisms.Theseunits
model the dynamicsof populationsof neurons,rather than
a single neuron. The modeledunits presentechere are also
designedo be computationallyef cient, so thatthey may be
usedto build real-time control architecturedor autonomous
agents.

At its heartthe KA model usesa discretetime difference
equationto replicatethe dynamicsof the original secondorder
ordinary differential equationsof the K-sets. A unit in the
KA model simulatesthe dynamicsof a neuronalpopulation.
Each KA unit simulatesan actity level, which represents
an averagepopulationcurrentdensity The basicform of the
differenceequationcan be given simply asshowvn 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 thenetinput of unitsconnectedo the simulated
unit.

a(t) = F(at 1) (4)

The evolution equationof the KA unit canbe describedoy
threecomponentshat arecombinedto computethe simulated
currentat time t from the currentand the rate of changeof
thecurrentattimet 1 andt 2. Thesethreein uenceson
the simulatedcurrentare 1) a tendenyg to decaybackto the
baselinesteadystatedeg (t); 2) a tendeng to maintain the
momentumof the currentin a particulardirection mom; (t);
and 3) the in uences of external excitation or inhibition as
input to the unit net; (t).

Whenisolatedneuralpopulationsare externally stimulated
away from their baselinesteadystate,oncethe external stim-
ulation is removed the populationexperiencesan exponential
decayback to the baseline.In the KA model the tendeng

1);a(t  2);neti(t

to returnto the baselinesteadystateis modeledby a decay
term. The resting, or baselinestate of the currentin these
modelis de ned asan actiity level of 0. The effect of decay
is describedas:

deg(t) = ai(t) ®)

Here is a parametetthat indicatesthe rate of decay Since
the differenceis proportionalto the current, the effect is to
causethe decayto be rapid whenthe actiity of the unit is far
from the baseline while the rate of decayslows down asthe
activity approacheshe steadystate.

Neural populationsexhibit a certainamountof momentum
in the dynamicsof their activity over time. In essencepnce
a populations currentbegins to move in a certaindirection
(positive or negative) it tendsto keepmoving in thatdirection
even for sometime after ary in uence pushingit hasbeen
removed. In theoriginal K-setmodels this wasobseredwhen
stimulatinga isolatedbrain-slicepopulation.After stimulation
ceasedthe population rapidly returnedto its resting level.
However in the processof decayingback to the baselineit
will undershootand actually go belov the baselinesteady
statefor sometime beforereturningto equilibrium. This slight
oscillationin the neural populationsis what necessitatethe
usedof the secondorder term of the differential equations,
asonly secondorder equationsare capableof capturingsuch
oscillatory behaior. The momentumterm is neededin the
KA difference equationin order to capture this dynamic
behaior of the population.Similarly, the momentumtermis
also secondorder asit relies on two previous time stepsin
orderto calculateits in uence.

To simulatethe momentumof a units actiity, we needto
usea functionof the previoustwo time stepsThisis necessary
so that we can simulatea momentumbasedon the rate of
changeof the actiity of the unit, aswell asthe otherreasons
mentionedabore. We rst de ne the rate of changeof the
activity attime t, ri(t). This is the differenceof the actiity
of the unit at time t from the actiity at a previous time step
t 1. Therateof changeattimet is thus:

ri(t) = a(t) (6)

With therateattime t de ned, we candescribehe momen-
tum as showvn below:

a(t 1)

mom; (t) = ri(t)

()

Where is aparametethatcontrolshow muchof anin uence
the momentumhason the dynamicsof the model. canbe
thoughtof asa percentagevhich indicateswhat portion of the
momentumat the presenttime step should continueinto the
next time step.

The effect of the netinput at time t is the sameasin the
K-model and is shovn in Equation8. This is the standard
summationof the actiity of the input unitsthrougha transfer
function multiplied by the connectionstrength.The outputor
transferfunctiong; (t) of aKA unitis afunctionof the actity
of the unit. The KA modelusesthe sameasymmetricsigmoid
transferfunction and summationmechanismof the original
K-sets. The transferfunction is shavn in Equation9. The
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TABLE |
KA MODEL VARIABLES

Variable  Description
a; (t) Simulatedactity of i™ populationat time t
deg (t) Differenceat time t dueto decayto baseline
mom; (t) Differenceattime t dueto momentum
ri(t) Rateof changeof the activity attime t
0; (1) Transferfunction of the activity of thei® unit at time t
net; (t) Differenceat time t dueto externalnetinput
TABLE I
KA MODEL PARAMETERS
Parameter Description Default
Rateof decayto baseline 0.1505
Rateof momentum 0.0985
Transferfunction arousallevel 5.0

parameters a scalingfactorthatindicatesthe level of arousal
of theKA unit. Arousalin biologicalorganismss afunctionof
history and experienceand canvary with thingslike surprise
and familiarity with the currentsituation.

net;(t) =
j

wi 0 (t) (8)

(ea® 1)

g(t)= f1 exp lg 9)

The sumof thein uencesin Equationss, 7 and8 represent
the total in uence that will be appliedto the actvity of the
unit in the next time step.

ai(t) = a(t 1)+deg(t 1)+mom;(t 1)+netj(t 1) (10)

In other words, activity of a KA unit is a function of the
decay and momentumterms along with the in uence from
the netinput of externalunits. We sumthe valuesfrom these
threein uences and add themto the previous actiity of the
unit to determinethe new actiity of a KA unit. In Table |
we summarizethe variablesusedin the KA model. Table Il
provides a summaryof the KA parametersand their values
usedin the experimentsdescribedn this paper The decayand
momentunratesweredeterminedxperimentallyby tting the
dynamicsof a single KA unit to thoseof the original K unit
under various conditions of stimulation and inhibition. The
determinationof thesetime constantswill be discussedext.

B. Determinationof Momentumand Decay Time 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 parametersf thetwo modelsrepresentlifferenttime
constantsandassuchwill be setat differentvaluesin the two
models.We take asour tamgetthe dynamicsof a K modelunit,
andsubijectit to varyingintensitiesof externalstimulationand
inhibition, for varyinglengthsof time. We then nd thedecay

to bestapproximatethe original K model,usingleastsquared
t to measurehe 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 appliedto the K unit from 1 to 50 msin 1 ms
increments(time duration= [1:1:50]). We ran the simulation
of the K unit for 500msin Matlab 6.5 using Runge-Kitta to
solve the ODE, andcapturedts responsdo the 5000different
combinationf intensityandtime durations These5000time
seriesrepresentethe targetdynamicswe tunedthe KA model
to replicate.

With the 5000 samplesof the K unit dynamics,we then
exhaustvely searchedhe momentum( ) anddecay( ) pa-
rameterspaceof the KA modelto nd a combinationthat
replicatethe dynamicsof these5000 samplesof the KO unit
by a KAO. 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 algorithmin orderto zero-
in on the exact valuesfor the parameterghat provided very
goodapproximationf the original dynamics.We found that
a decayrateof = 0.1505anda momentumof = 0.0985
produceda good t of the KA to the K model.

The parameteispacede 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 appropriateparametergo t the KA single unit dynamics
to the original KO unit. For example,in Figure 1 we shaw
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
axisfrom 0 to 0.5. Color is usedto indicatethe errorin the t
ateachpointin the / parametespaceWe canseevisually
that the spaceis smooth, and there is a global minima in
the error somavherein the areaof = 0:15 = 0:1. The
global minima depictedin this gure is the placewherethe
momentumand decay parameterof the KA model yielded
the closestresultsto the dynamicsof a KO unit.

Table Il summarizesthe parametersof the KA model
discorered by the parametertting processand usedfor the
simulationsandexperimentslescribedn therestof this paper
Thearousalevel parameter is only signi cant whenwe have
networks of units connectedtogether it doesnot affect the
dynamicsof a singleunit in isolation. Sincewe are usingthe
sameasymmetricsigmoidaltransferfunctionin boththeK and
KA modelswe have useda standardarousalevel of 5.0in the
experimentsdescribedhext. Futurework is neededo explore
the usesof the arousallevel in modelsof cognition, and its
possiblerelationto more global and slow-changingdynamics
suchas neuro-chemicaprocesseshat affect the dynamicsof
populationsin brains.

C. LearningMedanisms

In this section we discussin more detail the learning
mechanismausedin the KA multi-layer recurrentneurody-

momentumand other parametershat allow the KA responses namical models. In the simulationswith autonomousagent
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Fig. 1. A portionofthe / parametespaceof the KA model.Decay( ),
plottedalongthe X axis, variesherefrom 0.1to 0.2. Momentum( ), plotted
alongthe Y axis, variesfrom 0.0 to 0.5. Intensity indicatesthe calculated
error (using sum squareddifference)betweenthe dynamicsof the KAO and
KO unit over the 5000 sampletime series.A global minimum is presentin
theareaof = 0:15 = 0:1

architecturesve will be usingtwo typesof unsupervisedearn-
ing, Hebbiansynapticweight modi cation and habituationof
unreinforcedstimuli.

1) Hebbian Medanismsin the KA Population Model:
The basicidea behindHebbianmechanismss that whenthe
activity of two connectedneural units co-occur they have
some statistical relationshipto one another We can exploit
this relationshipby increasinghe likelihoodthatin the future
if oneof the unitsis active the otherbecomesactive. This can
be doneby increasingthe strengthof the weight betweenthe
units. In other words, units that tendto re togethershould
have the weightsbetweenthem strengthenedo that they are
morelikely to re togetherin the future. The converseof this
ruleis alsotrue,if theunitsdonottendto re togetherthenthe
strengthof ary connectionbetweenthemshouldwealen over
time. This simple mechanismde nes a type of competitve
processamongthe links betweenneuralunits.

Hebbianlearningis a simpleconceptput it is very powerful
in shapingthe weight spaceof a neural model to process
stimuli. Hebbian mechanismsallow the modelsto capture
statisticalregularitiesin the stimulationpatternsthat occurin
the ervironmentof the organism.

In the simplestformal de nition of the Hebbianlearning
mechanismwe considera pre-synapticnode A and post-
synapticnode B connectecdby a link with weightwg 5. The
activity or ring ratesof the nodesare representedhy the
valuesap andag respectiely. For simple modelswherethe
actity of the units a is a measureof the mean ring rate
of a neuron,we can correlatethe actvity betweenthe units
to determinethe differencewe wish to apply to the weight as
[47:

Wga = "apag (11)

Here the proposedchangeto the weight wga is simply a
function of the productof the actvity of the pre and post-

synapticnodestimes a learningrate parameter'.

In mean eld modelswherethe restingor normal level of
the unit is not necessarily0, we cant simply usethe actvity
level of the unit. Insteadwe mustlook at the ring rate of
the unit over sometime period. We can determineif a unit
is more or lessactive by comparingits current ring rateto
whatits normalor average ring rate usuallyis. The slightly
more complex Hebbianrule thus becomes:

Wsa = "(aan @n)(ag a@g) (12)

Here aa and ag representthe average ring rates of the
pre and post-synapticnodesrespectiely. In these ring rate
models,notice that the current ring rate can be lower than
the average which canleadto negative, or decreasingveight
changesThis may or may not be what is wanteddepending
onthetype of modelbeingexperimentedvith. For example,it

may or may not make senseo strengtherthe weight between
two units when they both have lessthan averageactiity at
the sametime.

TheK family of models,ncludingthe KA model,areneural
populationmodels,not modelsof single neurons.Therefore
the conceptof the ring rate of a node is not relevant.
The actiity level in KA units representsaan averagecurrent
density for the population.However, unlike the simple case,
this averagepopulationcurrentcan changerapidly, sincethe
units areoscillatoryin nature,which makesa simple Hebbian
equationinadequategfor 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 atime window:

1 X

o<

rms(i; a;b) = a(t)? (13)

t=a

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 intenal, dividing it by

the time interval, and taking the squareroot. The root mean
squareis a bettermeasureof the actiity of a unit over atime

intenval than simply taking the averageof the units actity.

The root meansquareis invariantwith respecto the average
actiity level, which makes comparingthe rms of two units
more plausible.

Giventhe de nition of the rmsto calculatethe actity of a
unit over an interval, we cande ne the Hebbianequationfor
the KA model. Normal Hebbianrules comparethe actvity
of a unit to its average actiity. We instead comparethe
average actvity of a unit over an interval to the average
activity of somesubsepopulationof units. Thisis necessaras
determininga baseor averageactiity is not a straightforvard
propositionin the K family neural population models. We
thereforedeterminehow the actvity of a unit is varying by
comparingit to the currentaverageactiity of a population.

The Hebbianequationusedby the KA experimentss given
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by:

Wga = " (14)
(rms(A; a;b) rms(sea;a;b))
(rms(B;a;b) rms(sea;a;h))

whererms(sea;a;b) is a spatialensembleaverageof some
population of units that the units A and B belongto. The

learning rate parameter"”, is determinedexperimentallyfor

each simulation by tuning it to have optimum performance
as de ned by the simulation. In a similar manner the time

window used is also determined experimentally 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) Habituationin the KA Model Experiments:The second
learning mechanismused in the following experimentsis
habituation.Habituationis de ned as a diminishedresponse
to sensorystimuli that is not reinforced.Sensorysignalsthat
arerepeatedlyencounteredbut never co-occurwith appetitve
or aversie signalsbecomediminishedin the organism.This
phenomenas very familiar to people as, for example, we
quickly “tune out” backgrounchoisesuchasanair-conditioner
in our environment. Thereforehabituationis a type of cumu-
lative rule basedprocess,whereby unreinforcedstimuli are
iteratively tunedout andignoredby sensorysystems.

In the KA models, Hebbian learning only occurs when
reinforcementsignals are generatedn the organism. In the
following experimentsyeinforcemensignalsareusuallyhard-
codedin the agentsuchthatwhenit bumpsinto objectspain
signalsare generatedvhich 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 thanan averagepopulationactivity duringtimesof non-
reinforcement.The basicweight modi cation for habituation
is de ned as:

Wga = j(rms(B;a;b) rms(sea;a;h))j (15)

Here the habituationweight of a link from A to B wgp is
a function of how far the unit B's actiity is above or below
a spatial ensembleaverage of some subpopulationof units,
times a habituationdecayconstant . Again is determined
experimentallyfor eachsimulationby tuning it for optimum
performanceFor somecasesvherewe only wantto habituate
nodeswhoseactvity is higherthanthe average(not thosethat
are lower), we canuse wga = 0 if therms of B is lower
thanthe spatialensembleaverage.

Hebbianmodi cation andhabituatiorareusuallyperformed
on all plastic connectionsin the simulation. That is to say
someconnectiondn a simulationare not variable,and there-
fore do not learn and changein responseto ervironmental
experiencesThe internal links within a KA-Il are examples
of non-plasticconnectionsn simulationsusingthe KA model.
Plastic connectionsare usually those links between units
within a layer of, for example,a KA-III.

KA-III

receptors

KA-I, KA-T
PRy
KA-II
@ @

Fig. 2. The KA hierarcly. The KA-I are a combinationof two excitatory
or two inhibitory units connectedwith mutual feedback.The KA-II is a
combination of a KA-le and a KA-1;, connectedwith various weights
betweerthem.The KA-II level allows for both positive andnegative feedback
which can createoscillatory behaior. The KA-IIl level is a collection of
three (or more) KA-Il  connectedwith various feedforward and feedback
connectionsWhen the threelayers of the KA-Ill are nonhomogeneoushe
resultingdynamicsof the KA-Ill systemis chaotic.

Layer 1

+

o

I1l. KA MoODEL CHARACTERISTICS

A. Oscillatory Dynamicsand KA-II Sets

Freeman[21] postulatesten building blocks of neurody-
namicsthat helpto explain how neuralpopulationscreatethe
chaotic dynamicsof intentionality The rst three principles
deal with the formation of non-zerosteady-stateand oscil-
latory dynamicsthroughvarioustypes of feedbackin neural
networks with excitatory and inhibitory connections.Figure
2 shaws a particularcon guration, calledthe KA-1l set, with
two excitatory and two inhibitory units connectedtogether
Suchacon guration providesexcitatory-eccitatory, inhibitory-
inhibitory and excitatory-inhibitory feedbacksimultaneously
This is one of the simplestcon gurations with all possible
connectiondetweerexcitatory andinhibitory unitsandit will
be usedas the basic model of a mixed excitatory-inhibitory
populationin this paper In Figure3 we comparethe behaior
of an original K-1I with a KA-Il. In this comparisonall the
connectionshetweenunits are setto the samevaluein the K
andKA model.We canseethatthe 4 unitsin the K and KA
model maintainsimilar actvity levels. Moreover, eachmodel
reachesan approximatesteadystateafter a transienttime of
around10ms.

The KA-II con guration, in the vastmajority of parameter
settings, produce dampedor sustainedoscillatory behaior.
Though someregimes of chaotic behaior may exist in the
simpleKA-Il con guration(seeg.g.,[48]), we restrictour self
to working with oscillatory KA-Il. With sucha con guration
the KA modelis capableof producingoscillatory behaior of
varyingfrequenciegslependingpn the valuesof theteninternal
weights. Table Il gives the parametersand some major
propertiesof threedifferentKA-1l Sets.Wee; Wei ; Wie ; Wji are
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Fig. 3. Comparisorof K-Il andKA-II (all internal parametergqual).

TABLE 1lI
KA-11 UNITSUSED IN KA-I1l WEIGHT SCALING SIMULATION

Group  Wee Wei  Wie Wi my x fo
1 094 141 080 133 -0.25 0.14 31
2 1.05 140 044 0.05 -0.12 0.30 27
3 1.29 127 065 119 -0.08 0.25 25

the connectiorweights,my isthemeanand  is the standard
deviation of the simulatedcurrent over a given 10 second
window (excluding initial transients).The frequeng (fo) is
determinecbasedon the main peakof the power spectrumof
the simulatedcurrent.

Although thereare 10 weights,we reducethis to 4 param-
etershy settingthe weightsbetweenlike pair typesto be the
same For example theweightsbetweerexcitatory units (from
E; to E, andfrom E, to E4, correspondingly)are setto be
equalandareshavn by thevaluewee in thetable.Similarly for
the 2 inhibitory-inhibitory (wji ), 3 excitatory-inhibitory (we;)
and 3 inhibitory-excitatory (wie ) weights.

Figure 4A. shavs a time seriesof the rst excitatory unit
from the rst KA-Il groupin Table Ill. In Figure 4B. we
display a statespacerepresentatiorior the sameserieswith
time delayof t vs. t+5. We seea stablelimit cycle oscillation
with frequeng 31 Hz, after the initial transientsdie out. The
threegroupsshawn in the table are naturally oscillatory that
is to say that they oscillate without external stimulation, as
shavn in the gure. The mean(my) and standarddeviation
( x) shavn in Tablelll are measuresf the behaior of the
time seriesafter initial transientshave beendiscarded(1000
in this case).The dominantfrequeng (fo) is the frequeng
that the KA-Il groupsoscillate at (in simulatedcycles per
second).The selectedthree parametergroupsin Table I
are the results of an extensive parametersearchaimed at
identifying KA-Il setswith stronglimit cycle oscillationsat
various differing frequencieslin this approachwe generated
500 KA-Il groups at random, with different Wee, Wei, Wie
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Fig. 4. An exampleof the oscillatory behaior that can be generatecby a
KA-II' con guration. In A) we shawv a time seriesof the rst excitatory unit
from a KA-1l con guration. And in B) we display a delayedstatespaceplot
of the sameKA-Il att vs.t+ 5

and w; parametersuniformly distributed in the rangel-2.0,
2.0]. From thesecandidatesve selectedthree suchthat they
1) showved sustainedscillationsand 2) oscillatedat different
andincommensurateharacteristidrequenciegespectiely.

In the next section, we link the three KA-Il sets into
a network and showv that under certain conditions, the in-
commensuratérequenciescompetewith eachotherbut none
of them wins. As a result, a comple< aperiodic oscillation
emepges.

B. Chaotic Dynamicsin KA-Ill Sets

Freemars [21] fourth principle building block of neurody-
namicsconcernghe formationof chaoticbackgroundactiity:

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

We demonstratehe productionof deterministicchaosby
the KA model using the mixed excitatory-inhibitory KA-II
populationsdescribedin the previous sectionin Table Il
The KA-Ill set, shovn in Figure 2, right, is an example of
a con guration of three KA-Il groupsconnectedogetherin
orderto producechaoticdynamics.Iln thesesimulations,the
excitatory units from higherlayershave projectionsto deeper
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Fig. 5.  An example of a chaotic time series generatedby a KA-IlI
con guration. We shav the time seriesof the E 1 unit of layer 1 (top), layer
2 (middle) andlayer 3 (bottom).

KA iii simulation, Return Plot, g1 el, t+12

t+12

Fig. 6. A statespaceplot of the actiity of the E1 unit of group 1. We plot
the actiity of theunit attime t vs. the actvity attimet + 12.

layers.Recurrentack-projectionarealsopresentrom lower
layersback up to higher layers. Theseback-projectiongnay
have delaysassociatedvith them, which re ects the delayed
natureof theseback-projectionsn biological neuraltissue.

Figures 5 and 6 display a time series and state space
representatiorirom a KA-IlIl  simulationgeneratedising this
KA-IIl con guration. A calculation of the rst Lyapunw
exponentof the time seriesusing Wolf's method[49] shows
a strictly positve exponent of around 0.1 for this series,
indicating strongchaoticbehaior.

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

Calculated largest Lyapunov exponent
el
Q
0]
T
-

0.4 0.5 0.6
WWeight scaling

Fig. 7. Effectsof scalingthe excitatory weightsbetweerthe KA-Il layersof
the KA-Ill on the calculatedLyapuna exponent.The intergroup excitatory
weightsare scaledfrom 0.0to 1.0 in 0.05incrementsWe show the average
calculated_yapune exponentfor 10 experimentsat eachscalingfactoralong
with anindicationof the variation(error bars).Above the gure areexamples
of time seriesand state spacesgeneratecby the KA-IIl at weight scaling
factorsof 0.0, 0.6 and 1.0 from left to right respectiely.

for eachweightsetting,andthe Lyapunw exponentcalculated
on theresultingtime series Figure 7, bottom, plots the effects
of scalingthe projectionweights on the Lyapune exponent
for this KA-Ill. When the projectionweights are reducedto
0% of their original value, the KA-II layersbecomeisolated
and no longer affect one another In this casewe obsenre the
dampedoscillatory behaior of the KA-1I in layer 1 (Figure
7 top left, we shaw both the time seriesand a state space
plot of the delayedactiity of the unit against itself). At

a 100% scaling factor we shov the dynamicsof the KA-

[l where the measured_yapunw exponentis closeto 0.06
(Figure 7 top right). In general,as the projection weights
between layers are increased,the behaior of the KA-III

unit becomesincrementallymore chaotic. Even very small
projecting weights betweenlayers are enoughto push the
damped oscillatory dynamics of a KA-Il into a sustained
guasi-periodicorbit. Someinitial conditionsat somescaling
factors, however, produce strongerchaotic interactions.For

example,at a scalingfactorof 0.6 we shav one examplewith

ameasuredyapunw exponentof 0.15(Figure7 top middle).

C. Comparisonof Power Specta of KA Modelsand RatEEG
Signals

In the original K model, the purposeof the K-1l1l setwas
to model the chaotic dynamicsobsened in rat and rabbit
olfactory systemq32], [45], [50]. The K-lll setwasnot only
capableof producingtime seriessimilar to thoseobsered in
the olfactory systemsundervarying conditionsof stimulation
and arousal,but also of replicating major power spectrum
characteristic®f thesetime series.

The power spectrumis 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 powver spectrumof a rat EEG (see
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Fig. 8. The power spectrumof a rat Olfactory Bulb EEG is simulated
with the KA-IIl model. The calculated‘1/f” slopeof the EEG and modelis
approximately-2.0. Rat OB datafrom [51]

Figure8, top) shaws a centralpeakin the 30-40Hz range,and
a 1=f form of the slope.The measuredslope of the power
spectrumvariesaround = 2:0. 1=f type power spectra
arealundantin natureandare characteristiof critical states,
betweenorder and randomnessat which chaotic processes
operate.The atypical part of the experimentalEEG spectra
is the centralpeak,indicating strongeroscillatory behaior in
the frequenciesThis central peakin the 30-60 Hz range
is knovn asthe frequeng band, and is associatedwith
cognitive processedn biological brains.

In Figures8 we shav an example of the KA-IIl models
ability to replicate these types of dynamics.In particular
the power spectrumanalysis (Figure 8, bottom) shawvs the
typical “1/f” power spectrumwith a slope of around-2 and
a central frequeng peak, similar to that producedfrom the
EEG recordingsof a rat olfactory bulb.

D. Comparisonof KA to K-Setsand FFNNs

In TablelV we comparethe featuresand equationsof the
K and KA models.The KA modelis a discrete, 2" order
differenceequation asopposedo the original continuous2™
orderordinary differential equationof the K-sets.Both the K
and KA modelsusetime constantsas parameter§ and )
in orderto tunethe dynamicsof the modelsto thoseobsered
from real neuralpopulationsit shouldbe noted,however, that
thesetime constantparametersare different betweenthe two
modelsand will take on differentvaluesin orderto achiese
the samedynamics Both of the modelsusethe samenetinput

and asymmetricsigmoidal transfer function to describethe
in uence of actvation passedbetweenthe populationunits.
The nal item of thistableshavsthetotaltime neededo runa
simulationof aK/KA Il thatcontainedatotal of 513unitsand
over 10,000connectionsThe simulationwasof 10 secondf
activity in the neuralmodelandbothwerecodedandexecuted
using Matlab 6.5 on a 1.0 GHz Pentium class computer
The KA implementatiorusedthe discreteequationdescribed
in the previous section.The original K unit implementation
usesthe Matlab Runge-Kutta methodfor approximatingthe
solution to the coupled ODEs. The KA model executesthe
simulationin just under10 secondswhile the K modeltakes
over threetimes aslong to run the samesimulation.We will
discussmore resultsof this type comparingthe ef ciency of
the two modelsin comingsections.The simulationsdescribed
in the next sectionsuse an implementationportedto C++,
which is fasterstill thanthe Matlab implementation.

The genericform of the differenceequatiorusedin standard
FFNN modelscan be statedas:

ai(t) = F(a(t 1)net(t 1)

Herethe activation of a unit i in a FFNN modelis a function
of the activation of the unit in the previous time step along
with the netin uence of input from otherunitsin the previous
time step.In the vastmajority of ANN models,however, the
in uence of the actvity of the unit by the units actvity in

a previous time stepis ignored, and thus the normal usage
simpli es to:

(16)

ai(t) = netj(t 1) a7

In other words the actiity of a unit in the next time step
dependssolely on the net input to the unit from externally
connectedunits. This is a reasonableimpli cation in strictly
feed-forvard networks, sincethereis only a single time step
being simulated. On the introduction of the input to the
rst layer, the actiity simply o ws forward in one direction
in the network. However, this simpli cation becomesless
usefulin the realmof recurrentlyconnectechetworks, where
the dynamicsof 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 actiity of
connectedunits in the previous time step. The units do not
have nor useary intrinsic dynamicsof their own.

The KA modelis a simpli cation of the K-sets.One of the
purposesof both modelsis to capturesthe dynamicsof an
isolatedneuralpopulationin responséo external stimulation.
As such,boththe K and KA modelshave intrinsic dynamics
associatedvith a neuronalunit, suchthat 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 actvity
of a unit in determiningthe actiity of the next time step,
which differentiatesthesemodelsfrom 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
2" orderdifferenceequation 2nd orderordinary differential equation
2
a(t)=a(t 1)+deg(t 1)+ momi(t 1)+ neti(t 1) T2l v+ )R 4 ai(t) = neti(t)
deg(t) = ai(t)
mom; (t) p ri(t)
neti(t) = wi o (t) neti(t) = | w; oj (t)
aj (t) aj (t)
o()= f1 exp[—=—2g ()= f1 exp[——PJg
9 sec. 32 sec.

dynamicsof neural populations.The secondorder term is

necessaryn the K-model ODE in orderto capturethe damped
oscillationsof neuralpopulations Similarly, in the KA model,
the momentumparametedependon two previoustime steps
of the activation of the unit in orderto capturethis type of

behaior.

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

1
1+ e ai(t)

However, theK andKA modelsusea particularasymmetric
sigmoidal transfer function (Equation 9), that hasa rmer
basisin biological networks. The asymmetridransferfunction
used was derived by Freemanand associatesby studying
the nonlinearpassingof activation betweenbiological neural
populations[50]. The asymmetryis an importantpropertyin
the transferfunction asit meansthat excitatory input causes
destabilizatiorof the dynamicsof networks. This destabiliza-
tion is essentialn the collapseof aperiodicattractorsobsened
in biological perceptuakystems.

In Table V we summarizethe comparisonof the KA
and feed-forward neural network (FFNN) models.Both use
discretedifferenceequationsto describethe actiity of units
and it's changesover time. The vast majority of researchin
standardFFNNs usea discreteequation that simply depends
on the actiity of connectedunits at a previous time stepto
determinethe actvity of the unitin the currenttime step.The
KA model(and original K-sets)modelthe intrinsic dynamics
of isolatedneuralpopulations Both needa secondorderterm
in orderto 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 modelsuse nonlineartransferfunction.
The form of the transferfunction in the K and KA models
is an asymmetricsigmoidaltransferfunction thathasa rmer
basisin biological obsenations. The asymmetryis important
in theK family of modelsasit allows for the destabilizatiorof
populationsof unitsin responseo inputs[21]. The biological

o(t) = (18)

modelsof the K family of equationsare always multi-layered
highly recurrentmodelsthat capturethe architectureof brain
regions.A nal differencebetweenthe KA andFFNN models
is the learning rule. Backpropagtion is the main type of

learningmechanisnusedin standard=FNN researchThe KA

and K modelsuse Hebbianlearning, habituationand home-
ostasisto adjustthe weight spacein simulations[24]. These
learningmechanisméiave a rmer basisin biology and have
beendirectly obsered as processesn brains. The learning
mechanismsiusedby the KA model will be discussedmore
thoroughly in later sectionswhen we describe simulations
usingthe KA modelto control autonomousagents.

V. KA CONTROL OF AUTONOMOUS AGENT

The continuousk setshave beenshavn to be good models
of olfactory cortical dynamics.They can replicatethe com-
plex dynamicsand power spectraof biological cortical EEG
recordingsThe K setscanlearnusingunsuperviseanethods,
such as Hebbian modi cation and habituation,to replicate
someof the behaior of rabbitswhenlearningnew olfactory
sensorystimuli. The K setshave also beenextendedto more
abstractdomainsto demonstrateheir usein standardpattern
recognitiontasks[45], [23], [24].

We are currently extending the KA model to not only
perform perceptualtasks, but to also model the complete
behaior of an organism, from perceptionto action and
the stepsneededin between[42]. One of the purposesof
producing the KA model was to provide a simplied and
efcient systemthat was still capableof producingthe types
of dynamics deemedimportant to biological organismsin
producing generalintelligent behaior. The KA model is a
discreteversionof theoriginal K setsandis usedto experiment
with autonomousgentgo replicateand explain the dynamics
of cortical systemsin organizing and producing behaior.
Becauseof the ef ciency gains madepossibleby the discrete
simpli cation, muchlarger neuronalmodelsmay be explored
in the context of building control mechanisms$or autonomous
agents.In this sectionwe describesomesimple examplesof
how KA units canbe usedto producebehaior in autonomous
agents.We will shav a simple example of 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 1Lpi(t 2)neti(t 1))  ai(t) = Feti(t 1)
net; (t) = i wij oj (t) net; (t) = i wj oj (t)
aj (1)
o= f1 exp[—>]g 0= —my
multi-layer multi-layer
Highly recurrent Feed-forvard
Hebbian,habituation Backpropagtion

A. Learning Object AvoidanceBehavior

In this experimentwe use a Kheperarobotic agentin a
virtual ervironment. The task we chooseis similar to that
exploredin the original Distributed Adaptive Control models
of Verschure Kroseand Pfeifer [52]. Figure 9 illustratesthe
morphologyof the Kheperarobotandthe internalarchitecture
usedto performthe experiment.The Kheperarobotis a simple
robotthatcontains8 infra-reddistancesensorglabeledD S; g
in the gure). In this task, the simulated Kheperarobot is
originally endaved with a setof basicre exive behaiors that
allow it to wanderaroundin its ervironment, 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 longerbumpingthe obstacleandthen
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,
backward andturn. We useonly the 6 forward facingdistance
sensordn this experiment.

In Figure 9 we shawv the architectureusedto perform the
experiment.KA-O units are usedin the Re ex, Sensoryand
Motor areasto build the architecture A setof threere exive
behaiors are hardwired to perform appropriateactions to
allow the robot to wanderin the ervironment. The Left Obs
and Right Obsre exes are connectedo the threesensorson
the left andright sidesof the robot respectiely. If ary of the
three connectedsensords at its maximum value (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
sensorsand 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 Obsand Right Obsbehaiors respondo the robot
bumpinginto an obstacleon the left or right side of the robot
respectrely. They are hardwiredto the Turn Left and Turn
Right motor behaiors. For example Left Obs which detects
the presenc®f anobstacleontheleft, is wired to stimulatethe
Turn Right behaior in orderto turn avay from the detected
obstacle Again, in a similar manneythe No Obsre ex which
detectsthe condition of no obstaclecurrently impeding the
robotis hardwiredto the Move Forward behaior which causes
the robotto move in a forward direction. The Turn Left and
Turn Right motor behaiors arewired aswould be expectedto

Fig. 9. (Bottom Left) The morphologyof the Kheperaagentwith 8 infra-

red distancesensorositionedaroundthe body and 2 motorsfor movement
Above is a graph of the responseof the distance sensors(dashedline

labeled DS) and the inverse distancesensors(solid line labeledDI) to an
obstacle.(Center) The internal architectureof the Kheperaagent.Re exes
are hardcodedsuchthat the agentmovesaroundand bumpsinto obstaclesn

the ervironment. When the agentbumpsinto an obstacle,it triggers motor
unitsto turn away from the obstacleandcontinuein a new direction.Units in

the Sensorareagraduallylearnto trigger avoidancebehaiors to avoid objects
at a distancebeforerunninginto them.

the Left Motor and Right Motor units to produceappropriate
left turn andright turn behaior. The valuesof the Left Motor
andRightMotor unit arereadoutatdiscreteintervalsto setthe
speedof the robotsleft and right wheel encodersThe Turn
Left and Turn Right behaiors are connectedtogetherwith
mutually inhibitory connectionsin order to avoid a conict
situationwhich canresultsin animpassewhen both left and
right turn behaiors are equally stimulated.

In this experiment, the goal of the agentis to learnto asso-
ciate long-rangedistancesensoryinformation with behaiors
to learnto trigger avoidancebehaiors at a distance,before
the agentactually bumpsinto the obstacle.Thereforein the
robotsbehaior architectureve alsohave a setof unitsthatare
connectedo the long rangeinfra-reddistancesensorglabeled
'Sensory'in Figure 9 Right). The distancesensorscan sense
obstaclesat a distancefrom the robot. Six KA-O units are
connectedo thenormaloutputof thedistancesensor§D S;
connectedo S; ) while six otherKA-0 areconnectedo the
inverseof the indicateddistancesensor(Dl;  connectedo
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S7 12). Theinverseof a distancesensoris maximally active
when no obstacleis detected,and is minimally active when
the sensoris right next to an obstaclelnitially the 12 sensory
KA-0 are fully connectedto eachother with small random
weights (not shovn in gure). Also the 12 KA-0 are fully
connectedo eachof the 3 basicmotor behaiors (Turn Left,
Turn Rightand Move Fwd) again with smallrandomweights.

We useHebbianlearningandhabituationon theconnections
betweenthe 'Sensory' units and from the "Sensory'to the
'‘Motor' units. Since theseconnectionsare initially random,
typically they do not affect the behaior of the robot in the
beginning. The re exescausethe robotto move aroundin the
ervironment. Later on the robot may bump into something
on its left. This will causesomeof the Motor behaiors to
be performed,suchas turning right. Sincethe Sensoryunits
that are connectedto sensorson the left side of the body
have becomestimulatedwhile approachinghe obstacle they
remainhighly active whentheright turn behaior is activated.
This allows the strengthof the connectiorbetweerthe Sensory
unit for detectionof obstacleson the left and the right turn
behaior to becomestrengthenedueto Hebbianmodi cation
becausf their co-occurringexcitation. Similar strengthening
is happeningetweerunitsthat sensehe absencef obstacles
ontheright andright turn behaior aswell. Hebbianmodi ca-
tion is only performedin responseo collisions,andtherefore
collisionsproducea type of painvalencesignal.Habituationis
performedat othertimes which lessensextraneousresponses
betweenthe long-rangesensorsand motor behaiors in the
absencef importantstimuli. Graduallythe links betweenthe
long-rangesensorsandthe motor units becomestrongenough
to activate behaior when an objectis sensedat a distance,
beforetherobotactuallybumpsinto it. Thereforetherobothas
learneda type of objectavoidancebehaior throughcoupling
of the actvity of its sensorswith its motor behaviors.

B. Results

In Figure 10 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 resultswith only re exive behaior (No Learning) and
with the Sensoryunit connectiongeing manipulatedhrough
Hebbianmodi cation and habituation(Learning). Along the
X axis we shav the time (in seconds)that the simulation
has been running. We plot the total number of times that
the robot has bumpedinto an objectin the ervironment.In
the caseof the 'No Learning' condition, the robot continues
to move and bump into obstaclesn the ernvironment.In the
Learningcondition, the robot quickly beginsto avoid objects,
andeventuallylearnsto move throughthe ervironmentwithout
bumpinginto arything at all. Theseresultsarecomparablein
termsof performanceand learningrate, to thoseobtainedby
the original DAC architecturg52].

The KA-0 units using unsupervisedearning methods,as
shawvn, canlearnto avoid obstaclesat a distance This simple
example also shavs that KA units can be usedto build and
control the behaior of autonomousagents.
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Fig. 10. Resultsof Kheperasimulation.As time goesby, the robot learnsto
bumpinto thingslessandless.This gure representthe cumulatve resultsof
50 simulations.Time (in seconds)s plottedalongthe X axis,andthe average
cumulatize bumpsis plotted alongthe Y axis. We shawv the resultswithout
learning(only re exive behaior) andwith learningturnedon.

As anotherexample,considerthe simple dynamicalneural
Schmitttrigger [54]. Hillse and Pasemanrhave shavn that a
simple architectureof 2 units is capableof producingobject
avoidance and exploration behaior in a Kheperarobot. In
their paperthey useda geneticalgorithmto learnappropriate
weights to solve the avoidanceand exploration task. Their
simplearchitecturecontainstwo input units, which receve the
averageactivation from the threeleft andthreeright distance
sensorsrespectiely, and two motor units. The motor units
are connectedwith mutual inhibitory connectionssimilar to
how our Turn Left and Turn Right motor units are mutually
inhibitory. We will usethe weight settingsthey evolved and
describdn [54] to comparethe performanceo our KA-0 units
in this similarly learnedtask.

Figure 11 displaysa comparisorof typical pathsgenerated
in an ervironmentusingthe KA architecturedescribedprevi-
ously and comparedto the architectureusing the dynamical
Hulse-RisemannSchmitt 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 HPSTis shavn
on the left, while the resultsfrom the KA units behaior is
showvn on the right. In general,the KA exhibits comparable
performanceas the HPST in this environment. For example,
we ran 10 simulationseachof the HPSTandKA architectures.
Each of the trials simulated60 minutes of actwvity by the
Kheperarobot. These results are summarizedin Table VI
wherewe show the distanceand standarddeviations obtained
for the 10 trials for eacharchitecturein this rst experiment.
The resultsindicatethat the KA traveled a someavhat shorter
distanceover the sametime.

The main goal of this sectionis to demonstratehat KA
can perform at the samelevel, and in some casesbetter
than alternatve control algorithms, like the HPST This is
proof-of-principle of the feasibility of the K-based control
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Fig.11. A comparisorof typical pathscreatedy the Hillse-Risemanmeural
Schmitttrigger (Left) andthe KA units (Right).

TABLE VI
RESULTS OF KA AND HULSE-PASEMANN SCHMITT TRIGGER KHEPERA
SIMULATIONS

Experimentl Experiment2
Arch dist std dist std-d time std-t
KA 246.11m 1.08 3.62m 0.04 4851s 0.66
HPST 250.52m 0.27 3.68m 0.08 51.13s 1.31

approach.n Figure 12 we study hov muchtime it takesto
move from the top of a long corridor to the bottom end. It
is seenthat the trajectory producedby KA is more smooth,
while HPST control gives trajectorieswith sharpcorners.In
order to analyzethis behaior, an additional experimenthas
beendesignedwith 10 trials of trajectories.We display the
resultsof 10 trials for the HPST architecture(Left) and the
KA architecture(Right), starting at the samelocation and
orientation(the orientationwasvaried over the 10 trials). The
resultsfor the secondexperimentare summarizedin Table
VI. By both measuresin this ervironment,the KA is more
efcient becauset travels to the endin lesstime using less
distance This is mainly a resultof the form of the pathtaken
by the KA architecture.The KA units trigger the turning
behaior in a more smoothmanney and at a greaterdistance
from the obstaclesresultingin smoothedgcurved turns.

It is not claimed, however, that the KA architecturede-
veloped here is in ary way superiorto the HPST for the
given simple task. Other performancecriteria, such as area
exploredandcoveredor meantimesto revisit areasmay give
different results. But, given appropriateevaluation functions
in the caseof the HPST architectureandvaluesignalsfor the
KA architecturethesediffering taskscould belearnedequally
well by eitherapproach.

The dynamicsusedin this experimentby the KA units are
relatively simple. We usea homogeneousollection of KA-0
units. The variousrecurrentconnectionsin the 'Sensory' and
‘Motor' areasdo produceKA-I and KA-Il level behaiors.
The real power of the K and KA family of modelscomes
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Fig. 12. Pathscreatedby 10 trials of the Hulse-Rasemanmeural Schmitt
trigger (Left) andthe KA architecture(Right). We study how muchtime it
takesto getto the end of the corridor and how long of a distancethe agent
travels during this traversal.

whenwe useandexploit chaoticdynamicsto form perceptual
catgyories and producecompl learnedbehaiors. We have

begun work alongtheselines of using suchchaoticdynamics
in autonomousggents.The researchalongtheselines of using

chaoticdynamicsis in progresg55], [56], [57].

V. DISCUSSION

The above task senes to demonstratethat the KA units
can effectively be connectedtogetherto form the control
mechanismfor an autonomousagent. The performanceof
the KA units is comparableto that achiezed by Hulse and
Pasemanmwith their HPSTfor the objectavoidancetask[54].
Thelearningof objectavoidanceby the KA is alsocomparable
with Verschure Krose and Pfeifer's resultsin their original
distributedadaptie controlexperimentq3], [4]. Thedynamics
of the KA units can be shapedby Hebbianmodi cation and
habituationto reliably associatehe conditionedstimuli from
the long-rangesensorswith the unconditionedand instinctual
motor responsego turn away from collisions. This type of
learning is an example of classical conditioning using an
unsupervisedearning mechanismto associatestimuli with
instinctualbehaiors.

We have not yet, in this simulation, shavn how a full
implementatiorof an aperiodicKA-Ill 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
demonstratiorof this remainsour ultimate goal using KA-111
in the future. The performanceof the KA units for control
in this simulationis by no meansmeantto be an example of
what we believe is ultimately achiezable by the application
of aperiodicdynamicsto the control problem.Much simpler
architecturesare known to exist that effectively solve the
obstacle avoidance problem in complex ervironments. For
example Hulse and Pasemanr54] shav effectively how one
can evolve the connectionweights betweentwo recurrently
connectedunits to perform obstacleavoidance.The recurrent
natureof the connectionds alsoimportantin our models,as
they form the basisfor generatinghe oscillatoryandaperiodic
dynamics.The ultimate goal of developing the KA model,
however, is to explore biologically motivated architectures
using autonomousagentsof completeintentionalsystems.

In this paperwe have demonstratedhe basicability of the
KA modelto replicatethe importantdynamicsof the original
K setsdevelopedby Freemaret. al. [32], [45]. The KA model
is a discretizedsimpli cation of the cortical dynamics rst
developedto modelthe sensorysystemsof biological brains.
We are now beginning to extend the original K setsto not
only model cortical sensorydynamics but to also explain the
productionand selectionof behaior in completeautonomous
systems.Towards that end, we are using the KA sets to
build more complicatedarchitecturesthat capture piecesof
the importantareasbelieved to contritute to basicintentional
behaior [46].

In our view of cognition and the productionof intelligent
behaior, aperiodicdynamicsplays an importantrole in the
process.Chaotic dynamics provides mary adwantagesto a
systemthat needsto balancebetweenstability and e xibility
in the actionsit produces.Aperiodic dynamics have been
obsered in the sensorycortices of biological brains, and
have beenspeculatedo be usefulin the sensoryrecognition
process.The K-Ill and KA-1ll are capableof replicatingthe
typesof dynamicsobsened in thesecortical regions.

But perceptualsystemsalone, though very important, are
not the only componennecessaryor the productionof intel-
ligent behaior. In [42] we have speculatedbn the essential
piecesnecessaryor the productionof generalintelligent be-
havior. Besidessensoryand motor systemsprganismsneedat
leasta basicmemorysystem(provided by the Hippocampus)
anda motivationalsystem.Thereis biologicalandexperimen-
tal evidence[21], [33], [58] that the sametypesof dynamics
obsenedin the perceptuabystemandmodeledby theoriginal
K-Ill, may also be the essentialbuilding blocks used in
these other three areas.The K-IV architectureis a model
of a completeintentional system,comprisingsensory motor,
memoryand motivational systems Eachindividual systemis
modeledby someform of a K-Ill, andtheK-III togetherform
a completeagent.

We have taken stepstowardsmodelingthe completeK-IV.
In this paperwe presentedan example of using KA units
to form the perceptualand motor systems.We are currently
working on KA-1lI modelsfor the simulationof Hippocampal
functions such as place cell formation and cognitve map
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building [42], [58], [59], [55], [56], [57]. Thesestepsare
essentialto better understandinghov obsered cortical dy-
namicsparticipatein the productionof intentionalbehaior in
biological brains.

VI. CONCLUSION

In this work we have developed a discretetime model
of neural dynamicsin neural networks with excitatory and
inhibitory connectionsWe have built a hierarcly of KA mod-
els, startingfrom the KA-1 and KA-1l units with x ed point
andlimit cycle dynamics,to the KA-1II modelwith comple
aperiodicdynamics.We have demonstratedhe feasibility of
generatingchaotic oscillationsin KA-Ill and comparedthe
dynamicsof the KA modelto the original K sets.The devel-
opedKA units can be usedto build an adaptve autonomous
systemthat exploresan ervironmentandgeneratebehaioral
stratgies in order to solve a given task. The K and KA
seriesof modelsrepresenttepsto a betterunderstandingf
how aperiodicdynamicsobsered in the cortical systemsof
biological brains play a part in the productionof intelligent
behaior.
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