
Aperiodic Dynamics and the
Self-Organization of Cognitive Maps
in Autonomous Agents
Derek Harter,1,* Robert Kozma2,†

1Department of Computer Science and Information Systems,
Texas A&M University–Commerce, Commerce, TX 75429, USA
2Department of Mathematics and Computer Science,
University of Memphis, Memphis, TN 38152, USA

When we look at the dynamics produced by biological neuronal populations, we are immedi-
ately struck by the fact that aperiodic, chaotic-like dynamics appear to be the normal operating
state of such systems. Recent work has shown that such aperiodic dynamics, at least in percep-
tual systems, may not only be the result of random perturbations experienced by the system
from external stimulation, but that the brain itself generates aperiodic dynamics to deal more
flexibly and reliably with noisy environmental stimulation. Complex systems concepts are help-
ing us to understand the properties of nonlinear systems that are fundamental for the emergence
of complex spatiotemporal patterns in natural and biological systems. Advances in neuroscience
and computational neurodynamics are applying these concepts of self-organization to under-
standing the spatiotemporal patterns observed in biological brains. In this article, we introduce a
neural population model that is capable of replicating the generation of these types of aperiodic
dynamics observed in biological brains. We use the model to self-organize cognitive maps in an
autonomous agent through the agent’s interaction with its environment. We show how such
high-dimensional spatiotemporal dynamics may be shaped by environmental input and learning
to form chaotic attractors that come to represent “meanings” for the agent. We discuss how the
internal generation of such aperiodic dynamics may aid in the formation and recognition of such
noisy environmental stimuli in biological organisms in general and in our simulated agents
specifically. © 2006 Wiley Periodicals, Inc.

1. INTRODUCTION

Some researchers in dynamical cognition and neurodynamics have specu-
lated on the possibilities that aperiodic, chaotic-like dynamics may play in the role
of adaptive behavior.1–5 Chaotic dynamics have been observed in the formation of
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perceptual states of the olfactory sense in rabbits.1 Mathematical theories of the
nonconvergent neurodynamics of perception and decision making have been pro-
posed based on the principles of the olfactory neurodynamics.6,7 Other researchers
have analyzed activity patterns of primate and human cortex and reported on the
dynamics of large-scale neural organization.8,9

Skarda and Freeman1 have speculated that chaos may play a fundamental
role in the formation of perceptual “meanings,” that is, in learning patterns that
have significance to the organism, whether harmful or beneficial. Chaos provides
the right blend of stability and flexibility needed by the system, with swift and
robust transitions from one cognitive state to the other using first-order phase tran-
sitions. According to Skarda and Freeman, the normal background activity of neu-
ral systems is a chaotic state. In the perceptual systems, input from the sensors as
well as internal feedback perturbs the neuronal ensembles from the chaotic back-
ground. The result is that the system transitions into a new attractor that represents
the “meaning” of the sensory input to the organism, given the context of the state
of the organism and its environment.

The normal chaotic background state is not like noise. Noise cannot be eas-
ily stopped and started, whereas chaos can essentially switch immediately from
one attractor to another. Also, aperiodic spatiotemporal dynamics may play an
important role in the rapid learning abilities of biological organisms. The chaotic
background state essentially offers many choices of attractors that can be rapidly
shaped by small synaptic changes to form relevant attractor basins. This type of
dynamics may be a key property in the flexible production of behavior in bio-
logical organisms.2

The study of nonlinear dynamics has expanded in all areas of science in the
past decades for many reasons. Nonlinear dynamics provide new conceptual and
theoretical tools that allow us to understand and examine complex phenomena
that we have never been able to model before. Nonlinear dynamics show up every-
where, in physical systems such as electrical circuits, lasers, and optical and chem-
ical systems. Such dynamics are especially prevalent in the biological world, from
fractal growth patterns in biological development to the self-organizing character-
istics of population models and the importance in regulating healthy biological
rhythms such as the beating of the heart.

Nonlinear systems in critical states have many interesting properties. Phe-
nomena such as stochastic and chaotic resonance are known that enable such sys-
tems to detect the presence of signals much better in noisy environments than
linear systems are capable of doing.5 Their greatest interest lies, however, in their
fundamental relationship to self-organization and the emergence of complex pat-
terns and behaviors in complex environments. Aperiodic dynamics are both an
indication of and a mechanism for the emergence of such self-organizing properties.

Insights into nonlinear systems theory are beginning to be applied to under-
standing the dynamics of the brain, and how such processes produce cognition.2,10,11

Aperiodic dynamics are believed to play a fundamental role in the mechanisms for
the self-organization of meaning in mammalian perceptual systems.1,12 Neurolog-
ical evidence has shown that perceptual meanings ~of recognized smells! are cre-
ated through the formation and dissolution of chaotic attractors in the olfactory
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bulb. We will discuss this example of the self-organization of a perceptual pattern
of meaning. We use this type of organization in aperiodic systems to model the
formation of cognitive maps in the hippocampus of biological organisms.

2. K-SETS: A NEURODYNAMICAL POPULATION MODEL
OF BRAIN DYNAMICS

2.1. Aperiodic Dynamics in Olfactory Systems

In their influential paper, Skarda and Freeman argued that chaos, as an emer-
gent property of intrinsically unstable neural masses, is very important to brain
dynamics.1 In experiments carried out on the olfactory system of trained rabbits,
Freeman was able to demonstrate the presence of chaotic dynamics in EEG record-
ings and mathematical models. In these experiments, Freeman and associates con-
ditioned rabbits to recognize smells and to respond with particular behaviors for
particular smells ~e.g., to lick or chew!. They performed EEG recordings of the
activity in the olfactory bulb before and after training for the smells.

The EEG recordings revealed that, in fact, chaotic dynamics, as shown by the
observed strange attractors, represented the normal state when the animal was atten-
tive, in the absence of a stimulus. These patterns underwent a dramatic ~nonlinear!
transition when a familiar stimulus was presented and the animal displayed recog-
nition of a previously stored memory, through a behavioral response. The pattern
of activity changed, very rapidly, in response to the stimulus in both space and
time. The new dynamical pattern was much more regular and ordered, very much
like a limit cycle, though still chaotic of a low dimensional order. The spatial pat-
tern of this activity represented a well-defined structure that was unique for each
type of odor that was perceptually significant to the animal ~e.g., conditioned to
recognize!. Figure 1 shows an example of such a recorded pattern after recogni-
tion of a stimuli of the EEG signals and the associated contour map. In this figure,
after recognition, all of the EEG waves are firing in phase, with a common fre-
quency that Freeman called the carrier wave. The pattern of recognition is encoded
in the heights ~amplitude modulations! of the individual areas. The amplitude pat-
terns, though regular, are not exact limit cycles and exhibit low dimensional chaos.

Figure 1. EEG carrier wave patterns ~a! and contour map ~b! of olfactory cortex activity in
response to a recognized smell stimulus ~from Ref. 12, p. 80!.
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In other words, different learned stimuli were stored as a spatiotemporal pattern of
neural activity, and the strange attractor characteristic of the attention state ~before
recognition! was replaced by a new, more ordered attractor related to the recogni-
tion process. Each ~strange! attractor was thus shown to be linked to the behavior
the system settles into when it is under the influence of a particular familiar input
odorant.

Figure 2 shows the effects on the spatial attractor pattern due to learning.
Every time a new odor was learned by the animal, all of the existing attractor
patterns changed. In this figure, the contour pattern of activity for sawdust is shown
~before learning the banana odor! on the left ~a!, for the newly learned banana
odor ~b!, and then again for sawdust ~c, after leaning new banana odor!. These
maps are snapshots of the EEG activation of an 8 � 8 grid of electrodes implanted
in the olfactory bulb. Notice that the spatial pattern for sawdust no longer resem-
bles its previous pattern.

How, then, do we know that the rightmost pattern does, in fact, capture some
meaning to the animal about the sawdust odor? We only know this through behav-
ioral observation. The animal was trained to produce some behavior when it rec-
ognized a smell ~such as licking in response to sawdust odor! and rewarded when
it displayed the appropriate behavior for the stimuli ~e.g., by being given food!. As
external observers of both the behavior of the organism and the internal dynamics
of the olfactory region of the animals brain, we only know that the EEG activation
pattern captured in the olfactory bulb has some association with the sawdust odor
because the animal reliably displays the externally conditioned behavior when-
ever the EEG pattern is formed.

Another interesting question is, given that the sawdust pattern changes so
drastically upon formation of a new attractor in the olfactory bulb, how is it that
the behavioral response remains associated with the now deformed attractor dynam-
ics for sawdust? The answer to this question is certainly not completely known
yet. The existing attractors are modified when a new attractor is formed, but they
are not destroyed. So the dynamics we observe as AM patterns in the EEG signals

Figure 2. Change in contour maps of olfactory bulb activity with the introduction of a new
smell stimulus ~from Ref. 12, p. 81!. ~a! Snapshot of activation after recognition of sawdust
order. ~b!Activation of same populations after learning banana order. ~c!Activation of popula-
tion for same sawdust order after learning new banana order.
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can look very different, but this only represents a squeezing or stretching of the
attractor. Somehow parts of the attractor remain invariant such that other portions
of the brain ~e.g., those responsible for the generation of behavior in response to
the stimuli! recognize and react to them.

Whenever an odor becomes meaningful in some way, changes in the synaptic
connections between neurons in different parts of the olfactory cortex take place.
Just as in the Hopfield model and other neural networks, these changes are able to
create another attractor, and all existing attractors are modified as a result of this
learning. However, in real brains, the attractors of perceptual meaning are not sim-
ple point attractors, but are specific strange attractors.

Freeman suggests “an act of perception consists of an explosive leap of the
dynamic system from the basin of one ~high dimensional, in the attentive state!
chaotic attractor to another ~low dimensional state of recognition!” ~Ref. 12, p. 84!.
These results suggest that the brain maintains many chaotic attractors, one for
each odorant an animal or human being can discriminate. Skarda and Freeman1

speculate on many reasons why these chaotic dynamics may be advantageous for
perceptual categorization. For one, chaotic activity continually produces novel
activity patterns that can provide a source of flexibility in the individual. But
because chaos is an ordered state, such flexibility is under control. As Kelso13

remarks, such fluctuations continuously probe the system, allowing it to feel its
stability and providing opportunities to discover new patterns. Another advantage
of chaos is that it allows for very rapid switching between attractors, which ran-
dom activity is not able to do. Freeman2 also proposed that such patterns are cru-
cial to the development of nerve cell assemblies.

2.2. K-Set Model of Aperiodic Dynamics

The K-set hierarchy, developed by Freeman and associates,1,2,12,14 is both a
model of neural population dynamics and a description of the architectures used
by biological brains for various functional purposes. The original purpose of the
K-set was to model the dynamics observed in the olfactory perceptual system.
The lowest level of the hierarchy, the K0 set, provides a basic unit that models the
dynamics of a local population of tens of thousands of neurons. The dynamics of
the K0 set are described by a second-order ordinary differential equation feeding
into an asymmetric sigmoid function:

ab
d 2x~t !

dt 2
� ~a � b!

dx~t !

dt
� x~t ! � f ~t ! ~1!

This equation was determined by measuring the electrical responses of
isolated neural populations to stimulation and other conditions. The a and b param-
eters are time constants that were determined through such physiological exper-
iments. x~t ! is the pulse density of the modeled neural population, in other words,
the average number of neurons that are pulsing in the population at any given
point in time. f ~t ! is a nonlinear asymmetric sigmoid function describing the
influence of incoming activation, and is given in Equation 2:
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f ~t ! � k�1 � exp��
ex~t ! � 1

k
�� ~2!

A K0 unit models the dynamics of an isolated neural population. From the
basic K0 unit can be built up architectures that capture the observed dynamics of
increasingly larger functional brain areas. The KI models excitatory–inhibitory
feedback populations. KII model interacting excitatory–inhibitory populations and
correspond to organized brain regions such as the olfactory bulb ~OB! or the prepy-
riform cortex ~PC!. KIII combine three or more KII populations to model func-
tional brain areas such as perceptual cortex or hippocampus, and are capable of
aperiodic dynamics of the type observed in these regions to, for example, derive
meaning from perceptual senses. In the simulations presented in this article, we
use a discretized version of the K-model ~described in Refs. 15 and 16! developed
for use in large-scale autonomous agent simulations.

In the original K-model, the purpose of the KIII set was to model the cha-
otic dynamics observed in rat and rabbit olfactory systems.17–19 KII are capable
of oscillatory behavior, as described above. When three or more oscillating sys-
tems ~KII! of different frequencies are connected through positive and negative
feedback, the incommensurate frequencies can result in aperiodic dynamics. The
dynamics of the KIII are produced in just this manner, by connecting three or
more KII units of differing frequencies together. The KIII set was not only capa-
ble of producing time series similar to those observed in the olfactory systems
under varying conditions of stimulation and arousal, but also of replicating power
spectrum distribution characteristics of biological and natural systems in critical
states.20,21

The power spectrum is a measure of the power of a particular signal ~or time
series as, e.g., that obtained from an EEG recording of a biological brain! at vary-
ing frequencies. The typical power spectrum of a rat EEG ~see Figure 3a! shows a
central peak in the 20–80 Hz range, and a 1/f a form of the slope. The measured
slope of the power spectrum varies around a� �2.0. 1/f a-type power spectra are
abundant in nature and are characteristic of critical states, between order and ran-
domness, at which chaotic processes operate. Power spectra of biological brains
have been observed to vary from a� �1.0 to a� �3.0. The atypical part of the
experimental EEG spectra is the central peak, indicating stronger oscillatory behav-
ior in the g frequencies. This central peak in the 20–80 Hz range is known as the g
frequency band and is associated with cognitive processes in biological brains.
The K-models are capable of replicating the power spectra of biological EEG sig-
nals, as shown in Figure 3b.12,15

Power spectrum of in vivo EEG recordings have the typical 1/f a slope power
spectrum, which looks similar to systems in critical states ~except for the peak in
the gamma range!. Systems in critical states are interesting because they are indic-
ative of self-organization. They are not tuned externally to determine a critical
point; natural systems have no one tuning the parameters; they organize them-
selves. They are near critical states in the sense that the collective behavior ~of
neurons in this case! cannot be extrapolated from behavior of the individual ele-
ments. Some driving events have little effect on the system but some driving events
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cause a collapse. It appears that the neural system self-organizes in such a way that
“collapse” in the critical states is precipitated by significant cues. In the case of
perception, these are perceptual stimuli, like the critical presence of a small but
significant number of some molecules indicative of a particular odorant.

Recently, a new class of chaotic behavior, called chaotic itinerancy, has been
introduced,7,10,24 which is related to dynamical behavior of K-sets. Chaotic itiner-
ancy is observed in high-dimensional dynamical systems with trajectories evolv-
ing through successions of “attractor ruins,” with each attractor being destroyed as
soon as it is reached, and the system continuously remains unstable, as in a search
mode. Results by the KIII model indicate that the complex, intermittent spatiotem-
poral oscillations in KIII are possible manifestations of Tsuda’s attractor ruins and
chaotic itinerancy in a biologically plausible neural network model.5,25

The KIII sets are capable of organizing perceptual categories in the fashion
observed in biological perceptual systems. The KIII used as such a pattern classi-
fier is very robust and compares well with more standard methods of pattern
classification.5

Figure 3. The power spectrum of a rat olfactory bulb EEG is simulated with the KA-III model.
The calculated “1/f ” slope of the EEG and model is approximately �2.0. Rat OB data from
Ref. 22; KA power spectrum from Ref. 23.
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3. HIPPOCAMPAL SIMULATION

The formation of new aperiodic attractors appears to be the mechanism by
which mesoscopic level population dynamics form representations of external stim-
uli.2,12 Such “representations” are, however, very different in character from tradi-
tional notions of static symbols in symbolic systems. For one thing, the recognition
process is very much a dynamical process, by which noisy and incomplete percep-
tions, along with internal states and expectations of the organism, combine into a
mechanism that allows for a rapid collapse or shifting of the dynamics when enough
evidence has accumulated. Such a recognition can be very sudden and occur over a
large area of population. And, when internal expectations bias the system to look
for very faint or small perceptual cues, the result can be a very sensitive mechanism
that can detect very faint stimuli among very noisy environmental conditions.

The normal baseline background state in perceptual systems appears as a
high-dimensional chaotic attractor. When sensory information is received and
impinges on the receptors, the dynamics of the neuronal populations may change
dramatically. When the sensory information is remembered as being something
experienced in the past, the neuronal dynamics fall into a new chaotic attractor
that “represents” the recognition of the stimuli. In biological EEG recordings,
attractors after recognized stimuli are more regular and show stronger periodic
components, though still chaotic, indicative of a lower-dimensional chaotic state.
Failure of the perceptual system to recognize the stimuli results in the attractor
remaining in the high-dimensional basal background state. If this unrecognized
stimuli coincides with a pain or pleasure signal, a new attractor will be formed to
capture the “meaning” of the new stimuli.

The same basic mechanisms of attractor formation in perception are also
believed to be used by brains in other areas to form longer-term memory and
behavior-producing structures.26 We use the basic KA-III architecture, described
previously, to simulate the formation of cognitive maps in the hippocampus of an
autonomous agent. One function of the hippocampus appears to be the formation
of long-term representations of the environment, which can be used to navigate to
goal locations, remember where food sources and shelter are located, and so forth.
These environmental representations are usually referred to as cognitive maps. In
this experiment, we show how aperiodic attractors can be shaped and associated
with locations in the agent’s environment, in a way that we speculate is similar to
the processes used by the real hippocampus to form cognitive maps. These attrac-
tors have interesting spatiotemporal properties. For example, attractors for loca-
tions that are close to one another will be more similar to each other than locations
farther apart. In this experiment, we demonstrate the formation of aperiodic attrac-
tors in a simulated organism and how they can come to be associated with envi-
ronmental locations. This experiment does not address how such attractors can
come to be associated and connected up to meaningful behaviors. Future work is
planned to begin to link such attractors to the problems of behavior generation. We
will next show how these types of representations can be formed in an autono-
mous agent and how they might be used to perform goal-directed navigation and
route-planning tasks.
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3.1. Experimental Architecture

In this experiment, we used the Webots virtual environment to simulate a
Khepera robot moving in and learning an environment.27 Figure 4 ~bottom left!
shows the morphology of the Khepera agent. The Khepera robot is a simple agent
that contains eight infrared and eight light sensors. The sensors are positioned
around the periphery of the body, with most sensors concentrated in the front of
the robot. The agent has two independently controlled wheels that allow it to move
forward and backward and turn left or right in place. The environment for this
experiment is also shown in Figure 4. In the environment we place eight light
sources, which will be used as salient environmental locations. The light sources
can be thought of as locations of food or some other type of positive environmen-
tal feature. The light sources are detectable to the agent at a distance, and the
detection range is indicated in Figure 4. In addition to the eight salient environ-
mental locations, there are four landmarks. The landmarks are always detectable
to the agent, and it knows the distance and direction to each of the four landmarks
as part of its sensory information. These landmarks provide a means of localiza-
tion for the agent, so that it can judge its relative position in the environment.

The architecture of the simulated hippocampus is shown in Figure 5. The
portions of the architecture that form the cognitive map of the environment are
simulated by a KA-III. These are the CA1, CA2, and CA3 areas and are based on

Figure 4. Agent morphology ~bottom left! and environmental setup for hippocampal simula-
tions. The environment contains landmarks, used as allocentric reference points by the agent,
and salient environmental locations, such as food sources. The agent is only able to detect the
presence of a food source when it is within a particular range of it.
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biological evidence of the structure of the hippocampus. Though the model cap-
tures some aspects of the architecture of the hippocampus, many details are omit-
ted in the model. The CA3 and CA1 areas each contain an 8 � 8 array of KA-II
units ~for a total of 64 units in each CA region!. The CA2 layer has a single KA-II
unit. Within the CA3 and CA1 areas, the KA-II are connected to one another via
lateral connections. Each of the four nearest neighbors are connected to one another
~the edges wrap around to technically form a torus out of the area!. The e1 units are
connected to the four closest neighboring e1s, and similarly the i1 units are also
connected to the four closest neighbors.

There are various projecting connections between the CA areas. For simplic-
ity, the areas in this experiment have been fully connected to one another, and we

Figure 5. Architecture of KA-III hippocampal simulations. The CA1, CA2, and CA3 areas
form a KA-III. CA1 and CA3 are 8 � 8 matrices of KA-II units. CA2 contains a single KA-II.
An example of the CA3 layer is shown below. Each e1 unit ~top sheet! is connected to its four
nearest neighbors as is each i1 unit ~bottom sheet!. The units at the edges have connections that
wrap around, so technically the sheets form tori. The top sheet of excitatory units forms KA-II
with the bottom sheet of inhibitory units by connecting with the unit immediately above/below
along with two other units. We show an example of the KA-II formations in the lower left and
upper right ~only two examples of the actual 64 KA-II formed are shown in the figure!. Hebbian
modification occurs only among lateral connections in CA1 and CA3. Input from the landmarks
feeds into an 8 � 8 matrix of KA-0 units ~DG!. Projecting connections between the CA1, CA2,
and CA3 are formed by fan-out connectivity, where each unit fans out and connects with a
number of units in the projecting layer. See text for a full description.
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indicate this using bidirectional arrows in Figure 5. When a layer projects to another
layer, each of the e1 ~or sometimes i1! units projects to multiple units in the other
layer. We use a fan-out parameter to determine the level of connectivity. For exam-
ple, if we have a fan-out of 10 between areas CA1 to CA3, each unit in CA1 is
connected to 10 other units in CA3. The projecting connections that fan out to
other areas are chosen at random. So, in the previous example, the 10 projecting
fan-out connections would have been chosen at random in the target CA3 layer.
The fan-out parameter for projecting connections is chosen so that the areas are
fairly sparsely connected and reflect to some degree the observed projecting con-
nectivity in the biological hippocampus.

Orientation beacons are fed into the hippocampal simulation through the DG
region ~Figure 5, left!. The DG layer contains an 8 � 8 matrix of KA-0 units. Ori-
entation signals from the four landmarks are fed into the DG units. Each of the four
landmarks has eight units associated with the direction to the landmark, and eight
units associated with the distance. Directions are broken into eight cardinal units,
North, Northeast, East, Southeast, South, Southwest, West, and Northwest. Units
are sensitive to the direction of a particular landmark, though we use a graded
response with a normal distribution, instead of a simple winner-takes-all configu-
ration. Similarly there are eight cardinal distance values VeryClose, Close, Medi-
umClose, Medium, MediumFar, Far, VeryFar, Distant.Again a graded response with
normal distribution is applied to the units. The DG area feeds into the CA3 area.

3.2. Method

Learning is performed in these experiments using Hebbian modification. The
lateral connections between units in the CA1 and CA3 areas are the only ones
subjected to Hebbian modification. All other weights, including KA-II internal
weights and weights projecting between areas, are held constant. All weights are
initialized to small, random values within some range. The modification of the
lateral connections in the CA1 and CA3 areas causes the attractor dynamics to be
shaped in response to and by the stimulation from the environmental landmarks.
Hebbian modification, however, is not turned on constantly. Hebbian modification
only occurs when the agent is within the detection range of a environmental loca-
tion. Proximity to a salient location causes a type of positive reinforcement signal.
Therefore, attractors are only shaped and affected when the robot is in environ-
mentally salient regions.

We use a simple sensory-motor mechanism to cause wandering and explora-
tion behavior in the agent. This exploration behavior is not affected by the cogni-
tive map learning, but we will talk later about how the cognitive maps built by the
agent using aperiodic attractors may be used to perform goal-directed navigation.
The wander behavior is implemented using KA-0 units and is described in Ref. 15.

The agent is allowed to roam in the environment at random for 60 min. While
moving in the environment, the agent learns and builds a cognitive map. At the
end of this learning period, we examine the attractors that have been formed to
discover their properties.
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We use two types of learning in the simulation, Hebbian modification as we
have indicated and habituation. Hebbian modification only occurs when the robot
is within a certain range of a light source. When the robot is not within proximity
to a light source, no reinforcement signal is produced. During these times habitu-
ation of the stimulus occurs. This has the effect of lessening the response of the
simulated hippocampus to unimportant regions in the environment.5

The expected effects of this simulation with the two types of learning, Heb-
bian modification and habituation, is to form eight distinct attractors ~one for each
location!. The aperiodic attractors will display complex spatiotemporal character-
istics. However, they should be identifiable such that when the agent is within
proximity to a particular location, the observed attractor that is generated in the
CA1 layer is unique. We discuss the results of this simulation next.

3.3. Results

We first examine the spatiotemporal patterns produced in the CA3 region
after learning. Figure 6 shows a representation of the spatiotemporal patterns formed
in the CA1 region. We measured the activity in the following manner. Around
each of the eight locations in the environment we chose four test points at random

Figure 6. Amplitude Modulation ~AM! pattern formation ~c! in the CA1 area for the simula-
tion in response to four test points in proximity to each of the eight environmental locations. ~a!
An example of four test points chosen at random in proximity to location E8. ~b!An example of
a half second of activity of the e1 units in the CA1 layer in response to test point a at location E8.
Amplitudes for each of these 64 time series were calculated simply by using the standard devi-
ation. These 64 measures of amplitude were the values used to produce the contour maps that
are shown. See text for a full description.
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within the proximity range of the locations ~see Figure 6a!. We placed the agent at
each of these four test points at each of the eight locations for a half of a second
~500 time steps of activity!. The distance and direction information is fed in as
input to the system and we capture the activity of the e1 units in the CA3 layer.
Figure 6b shows an example of a half second of activity captured in the e1 units in
the CA1 layer in response to test point a at location E8.

To visualize the spatiotemporal dynamics of our 32 tests, we simplify our rep-
resentation of the captured time series. Each of the 32 tests consists of 64 time series
with 500 values each. We represent the amplitude of each of the 64 units for the half
a second of activity by taking the standard deviation of the time series. This col-
lapses the 8 � 8 � 500 array into an 8 � 8 �1 array of amplitude values. Each mea-
sured standard deviation gives us an idea of how active or quiescent each unit was
in response to the input from the environmental beacons. We can then plot our 8 �
8 array of amplitudes as a contour plot, which we have done in Figure 6c.

Each contour plot gives us an idea of the spatiotemporal dynamics produced
in the CA1 region in response to the particular test point at the particular loca-
tions. The AM pattern contour plots, therefore, give us an idea of which units are
more highly stimulated ~higher amplitudes in their activity! in response to which
locations. Examining the AM patterns, it can be seen that the spatiotemporal dynam-
ics at each of the eight locations are more similar to one other than to patterns at
the other locations. This may not be immediately obvious but, for example, if you
examine the four test points at location 1 you will notice a peak of activity at the
midbottom part of the layer units. Other similarities in the dynamics among points
close to a location may also been found when examining the contour maps.

We can show analytically that the spatiotemporal dynamics shaped in response
to the environmental locations are more similar to each other than to those in other
locations. In Figure 7 we performed a standard cluster analysis of the 32 test pat-
terns. We treated each 8 � 8 matrix as a 64-dimensional vector of amplitudes and
used Euclidean distance to measure the closeness of the patterns to one another.
As shown in the figure, each of the four test points at a location are closer to each
other than to any point in another location. This figure shows that, in fact, the
patterns produced within a region are consistently more similar to one another
than those produced in another environmental region. The attractors also form
higher-level basins that capture, to some extent, the proximity of the locations to
each other experienced in the environment, for example, locations 8, 1, and 3 and
also 5, 6, and 7.

4. DISCUSSION AND CONCLUSION

The KA-III hippocampal simulation described here forms distinct AM pat-
terns for the eight salient environmental regions. These patterns are aperiodic spa-
tiotemporal activity in the CA regions. The characteristic activity peaks in the AM
patterns are consistent with data known about so-called place cells that form in the
hippocampus. Place cells are single cells that have been observed to fire selec-
tively for environmental location. Data on place cells have only been recorded for
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single-cell observations. However, in our population model, we develop charac-
teristic peaks of amplitude selectively for location. We would expect to see similar
amplitude patterns in biological hippocampus as developed in our model, and cells
that participate in the populations that are highly active for particular locations
would indeed look similar to observed place cells.28

The experiments discussed in this article use immediate reward signals to
shape aperiodic attractors into a kind of cognitive map. It is known that cognitive
maps are not, however, really formed in this manner. Cognitive maps can be formed
without immediate reward being delivered to the animal. There is a type of value
judgment associated with such formation, however. Being in an unfamiliar loca-
tion heightens awareness of the organism, a type of low-level fear or anxiety
response. These altered states may trigger processes as have been described in
this article that guide learning. The response diminishes as the animal becomes

Figure 7. Result of cluster analysis on AM vectors. This figure demonstrates that the spatio-
temporal dynamics of the CA1 layer cluster nicely into eight attractors. The cluster analysis
was performed using the 64 vectors of the amplitudes for each of the 32 test cases ~four test
points at each of the eight locations!. The attractors also form higher-level basins that capture,
to some extent, the proximity of the locations experienced in the environment. See text for a
full description.
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familiar with the environment. So a more realistic mechanism would need to use
recognition and familiarity of the current location to guide and heighten the fear/
anxiety response, which would, in turn, affect learning of the location.

Learning in the hippocampus of the environmental layout is so effective that
it appears to take only one or two experiences to become memorized. This fast or
one-shot learning is also typical of another function of the hippocampus, the for-
mation of so-called episodic memories. In memorizing and recalling episodes, our
brains are capable of remembering an episode with only a single exposure to the
experience. Of course, more emotionally charged experiences tend to form much
stronger episodic memories. Future research with these models will aim to take
these types of mechanisms more into account.

The next step in this research is to begin to understand how such AM patterns
might be used in the service of goal-directed navigation. It is known that if you
measure the onset time of place cells in a biological brain, this time gradually
shifts back in phase as the animal moves through the environment.29 This phase
shift of the onset of the place cells may be evidence of the formation of navigation
planning in the biological brain. One possible interpretation is that when the ani-
mal forms an intention to travel to a goal location, a sequence of AM patterns
cycle through the hippocampus. This sequence can be interpreted as sequences of
locations the animal intends to visit, from the current one to the next one, and so
forth, to reach the goal. As the animal moves through the environment, its idea of
the current location changes, and thus this whole sequence shifts back in phase in
real time to represent the next few intended steps the animal is planning to take.
For this type of mechanism to be organized, the AM patterns must not simply form
in an isolated way, but connections between adjacent locations must be incorpo-
rated into the mechanism. If the agent learns which AM patterns are colocated to
which others, it may be possible to set up such a mechanism to produce a goal-
directed planning for navigating in the environment. These transitional associa-
tions may be produced by a hierarchical organization, where different areas form
dynamics that associate between the spatiotemporal dynamics of location repre-
sentations. We are currently examining how such an associational dynamics might
be learned and used to perform navigation. The transition between the aperiodic
attractors may resemble the chaotic itinerancy phenomenon.10

The self-organization of spatiotemporal patterns in nonlinear systems is essen-
tial to cognitive mechanisms in biological brains. We need to better understand how
such mechanisms operate in order to build better models of cognition and smarter
autonomous agents. This article has demonstrated one such self-organizational
mechanism for the creation of AM patterns in a cognitive map of an agent’s
environment.
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