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Abstract

The convergence of sensory signals plays an important role in perception. Two cases
of convergence are examined in this thesis by means of modelling; the case when the
converging signals are congruent, which leads to combination and an enhancement of
perception, and the case when they are incongruent.

The former modelling experiment considers the integration of phonemes and letters.
Based on a series of reports on different aspects of letter-phoneme integration that has
been presented from the Department of Cognitive Neuroscience at Maastricht University
in the Netherlands we have developed a model for simulating some features of this course
of events. Our model, the Artificial Cortical Network (ACN), is an artificial neural
network whose essential parts are two types of modules, each employing its own learning
law, none requiring manual intervention. The particular ACN architecture used in this
thesis consists of three modules which are interconnected, where each module processes
one of three different types of pre-processed stimuli: letters, phonemes and the bimodal
combination of these. Modules of this architecture contain one or more neural lattices
and inter-module information exchange is carried out using the coordinates of the neurons
that respond the strongest to the inputs. The model is generally useful; it is, for example,
equally suitable for modelling the integration of different features in a single modality, and
the ideas behind it are new. The main features modelled using the architecture, are the
combination of unimodal signals at the bimodal module and feedback from the bimodal to
the auditory module. Simulation results of the architecture show the same characteristics
as corresponding results from psychology and neuroscience. One important result is
the qualitative enhancement of the response to a noise-perturbed sensory signal in one
modality using a congruent one from a complementary modality. This is what happens
at the opera when the libretto is shown above the scene: one better perceives what is
sung. Another is the ability to use input to one modality as support for distinguishing
the relevant signal from a collection of signals in another modality. This mechanism is
most probably active when having a conversation at a cocktail, on the bus or in the
subway. In these situations the (possibly unconscious) monitoring of the communicating
peer’s mouth movements may improve comprehension.

The latter modelling experiment considers a case when integration “fails” due to
irreconcilable incoming signals. The particular phenomenon under examination is that
of binocular rivalry: the alternating periods of dominance and suppression occasioned by
stimulation of corresponding retinal areas with dissimilar monocular stimuli. Typically
an observer only “sees” one stimulus at a time and the rate of recurrence is about 1-2
seconds on average. The switching that occurs has some well established properties;
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such as a skewed unimodal distribution of dominance times and an increase of switching
speed with stimulus contrast. In this thesis an artificial neural network model of a cortical
area in which competition between populations of neurons that should not be co-active
is presented. The focus of the model is for it to be able to simulate key properties of
binocular rivalry; the skewed unimodal distribution of dominance times, and three other
well-known properties of binocular rivalry. These properties are Levelt’s second and
fourth proposition and the “flipped” case of Levelt’s second proposition. The essential
driving forces in this architecture are fatigue and noise. Simulation results obtained from
the model are in fair quantitative agreement with psychophysical experiments in all four
aspects, using the same model parameters.
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Chapter 1

Introduction

“Fiat lux!”

The more complex a system is, the more we have to make simplifications and generate
different perspectives to gain insights into the complex system under investigation. An
integral and integrative tool for both making simplifications and generating perspectives
is that of modelling. As it serves as a link between our observations from our reality,
and our hypotheses and theories about the mechanisms that might lay behind these
observations, modelling is a natural and fundamental part of many scientific disciplines.
Shortly described, a model is either an abstraction of the real world or an implementation
of one or more hypotheses with the essential purpose to aid the investigation of particular
questions and/or to demonstrate particular features of the system or hypotheses through
evaluation.

The brains of advanced beings, such as those of humans, are one of the most interesting
and complex class of systems of our world that we have identified. A main source of both
its complexity and its interest is that it is responsible for representing the world as we
know it. It is almost needless to state that building models of (parts of) the brain is an
important part of advancing our understanding of it.

The neocortex (a.k.a. isocortex) is one of the most recently developed [1] part of
the mammalian brain. In broad terms it has two functions; processing sensory stimuli
and computing and implementing motor programs. Most, if not all, of the sensory pro-
cessing areas of this outer layer of the cerebral hemispheres seems to be dedicated for
processing multisensory stimuli [2]. These observations of sensory processing, together
with the clear indications that perception in humans and other mammals seems to be
predominantly multisensory [3], and the fact that humans, the mammal with most com-
plex behaviour, have much more of this brain part than other primates and small-brained
mammals [4], convey the message that integrating complementary information sources
may be of considerable importance for advanced functioning in this world. Using compu-
tational techniques to study this particular aspect of brain processing has the prospects
of providing both more effective architectures for exploring models of cognition that are
able to integrate sensory stimuli and a fertile ground for the development of a range of
gadgets that function in new ways.
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2 Introduction

The modelling approach taken here is computational. Standard computers, such
as those we have on our desks, are powerful (principally) sequential information pro-
cessors that are capable of representing complex structures and systems in detail, and
simulate them in diverse settings. Whereas computational modelling is a basic part of
neuroscience, where it is used to test hypotheses and advance theories coming from neu-
robiologists, neurophysiologists and psychologists, it is also the platform for developing
technical applications that utilize brain-like computations. Thus, computational mod-
elling of brain processes may not only contribute to expanding the understanding of these
processes, which is an important part of increasing treatment options for those who have
pathological brain functioning. In spite of the fact that the development and application
of treatment procedures for brain-damaged patients is by many held to be the ultimate
goal of neuroscience, when one considers the capabilities of the human brain, the building
of devices that can perform similar tasks may prove to be even more interesting in the
constant pursuit of progress.

The primary focus of the efforts delineated in this thesis is to give explanations of be-
havioural findings of sensory integration through computational modelling. The following
hypothesis summarizes the goal: Architectures built by interacting sheets of simple units
as in the self-organizing map can be used to make phenomenological models of cortical
processing and sensory integration.

The starting point for testing the stated hypothesis is a previously developed frame-
work for sensory integration modelling [5, 6, 7] that uses the, to our knowledge, novel
idea of employing positional coordinates of units within a lattice as stimuli for further
processing in other lattices. The justification for continued expansion and investigation
comes not only from promising phenomenological results, but also from the framework’s
relative simplicity and computational efficiency.

From this prospective starting point the path of proof-by-construction is taken and
using further developed variants of the framework at hand, two phenomenological aspects
of sensory integration are thus examined through computational modelling: The alter-
ation of perceptual quality due to complementary sensory information and the statistical
aspects of binocular rivalry.

The text in this booklet is segmented into two, where the first part introduces the
reader to concepts key for understanding the scientific essays in the second part. It is in
the essays, which either have been or is to be submitted for review to the wider scientific
community, that the research contributions are laid out.



Chapter 2

Biological Overview

“I am putting myself to the fullest possible use,
which is all I think that any conscious entity can

ever hope to do.”

HAL (in Kubrick’s 2001: A Space Odyssey)

2.1 The central nervous system

Our central nervous system, which mediates all behaviour, is made up of the spinal cord
and the brain. The brain is further divided into six major divisions (see figure 2.1);
medulla (bulb), pons, cerebellum, midbrain (mesencephalon), interbrain (diencephalon)
and the cerebral hemispheres (telencephalon). Each of these six divisions is found in
both hemispheres of the brain, but their respective sizes and shapes may differ.

Different parts of the central nervous system carry out different functions, and the
following text gives a short overview of these functions. Readers interested in a longer
description with discussions are referred to a recent textbook in neural science. The text
in this chapter has been adapted from the textbook edited by Kandel, Schwartz and
Jessell [9, pp. 317–336].

The spinal cord is a two-way information carrying highway on which sensory informa-
tion from trunk and limbs arrives to travel to the brain, and motor neurons responsible
for both voluntary and reflex movement of these parts route information going in the
opposite direction.

The medulla, pons and midbrain are collectively called brain stem. It is concerned
with motor control of the head, neck and face, and with the sensation from these body
parts. Signals carrying information coming from several specialized sensory systems, such
as those of the vestibular, gustation and auditory systems also enter in this brain region.
In addition, it receives a summary of much of the sensory information that enters the
spinal cord and brain stem and plays an important part in influencing the organism’s
level of arousal.
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4 Biological Overview

Figure 2.1: Major divisions of the central nervous system. (Adopted from [8].)

Being a convergence center for somatosensory, motor and balance information, the
cerebellum is essential for maintaining posture. It also coordinates head and eye move-
ments, and is involved in fine tuning of muscle movements and in learning motor skills.

Systems within the diencephalon gate and modulate sensory information travelling
to cerebral cortex. In fact, practically every region of the central nervous system both
receives projections from and sends projections to the diencephalon. It is thus presumed
that these systems play a key role in determining whether or not sensory information
reaches consciousness, regulate level and direction of attention and also regulate the
level of consciousness. Other roles of these arrangements are those of reproduction, and
homeostasis; i.e. keeping the body’s internal systems stable in face of varying external
conditions by means of compensation. Moreover, the diencephalon is also an essential
component of the motivational system, and it regulates circadian rhythms, that is cyclical
behaviours adjusted to the daily light-dark cycle.
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The cerebral hemispheres consist of their cortex (i.e. bark), the underlying white
matter and the deep-lying structures. It is in the neurons of the cortex that programs of
cognitive function are computed, and the underlying white matter is nothing more than a
massive collection of myelinated (i.e. insulated with myelin) fibers serving to interconnect
the cortical neurons. The deep-lying structures consist of the amygdala, basal ganglia and
the hippocampal formation, and these are concerned with motor, perceptual, cognitive
functions, including emotion and memory: The first-mentioned structure mediate social
behaviour and expression of emotion while the last-mentioned is concerned with long-
term memory formation. Finally, the basal ganglia deal with control of fine movement.

2.2 The cerebral cortex

What is modelled in the appended essays are tiny parts of the neocortical sheet. This
sheet is what composes the outermost layer of the cerebrum. Cortex being the latin word
for bark, the sheet’s anatomical location is thus what has been the inspirational source
for its name. Although both the structural and functional organization of the brain
in general, and neocortex in particular, are complex, and especially the organization of
function is not yet very well mapped, there is a significant body of knowledge.

Surrounding the cerebrum’s deeper axons, this sheet consists of different types of
neuronal cells and their fibers. The sheet is typically divided into six layers which are
numbered from outside to inside. Each layer contains a characteristic distribution of
neuronal cell types, and sub- and intracortical connections. These characteristics are
what determine layer affiliation and the layers are not simply stacked one over the other in
an uniform manner. These layers of the cortical sheet and the neural activity within them
form the basis of higher mental function, or cognition [9, pp. 317–403]. The illustration
in figure 2.2 shows the names of the different layers, and three columns indicating the
results of different staining methods. In the leftmost column a stain that reveals the
entire cells is shown. The cell density is not faithfully reflected; the stain affects less than
2 % of the cells. In the second column a stain that reveals only cell somas has been used,
while in the third only connections (myelinated axons) are stained.

Approximately three fourths of the neocortical neurons cells are characterized by a
broad base at the bottom, and an apex that points upwards to the cortical surface.
Suitingly, this cell type is referred to as pyramidal cells, and most of the axons in the
neocortex serve to connect pyramidal cells with one another. These cells are of the
excitatory type; they increase the charge in their destination cells and hence drive them
closer to their firing threshold.

Neurons that are not pyramidal cells are referred to collectively as interneurons. The
majority of these (smooth stellate, basket cells, chandelier cells and double bouquet cells)
are inhibitory, but the still quite common spiny stellate cell is excitatory. Inhibitory cells
inhibit their destination cells, so that they become less likely to fire.

From the functional perspective the layers of a cortical area organize the inputs coming
to the area and the outputs going from it. The information processing characteristics of
a neuron depends on both its type and its location in the layered structure.



6 Biological Overview

Figure 2.2: The layered structure of cerebral cortex. (Adopted from [10].)

The illustration in figure 2.3, adopted from a recent review article by Thomson and
Lamy [11] in which the functional mapping of local neocortical circuits is treated, depicts
the major classes of excitatory neocortical neurons and their local circuit connections
with other excitatory neurons. On the left side of this illustration the major inputs
to each layer are indicated. The cells in the illustration are color coded according to
findings of paired intracellular recordings. Clearly significant pre- and postsynaptic cells
are shown as red and blue, respectively. Pale red indicates cells that appear to receive
sparse and/or weak inputs and purple indicates cells that have targets that have not yet
been fully identified. Lastly, white indicate cell types that have been tested but which
appear not to be significant targets for the indicated type of presynaptic axon. Despite
some confounder the layers’ organizing role is clearly evident.

Although much of the data comes from anatomical studies and single or multiple cell
studies using electrodes in cat, rat and mouse, they can be considered representative
for more complex mammals as well since these aspects of cortical structure are similar
among mammals.
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Figure 2.3: Local circuit excitatory spiny cell targets of pyramidal and spiny stellate cells.
(Adopted from the work of Thomson and Lamy [11].)



8 Biological Overview

Considerable effort has been put into the functional mapping of brain circuitry, and
as the illustration shows significant progress has been made. What the illustration also
shows is that even though only a small subset of cell types are shown there is notable
complexity, of which much is yet to be understood. One relevant observation is that there
appears to exist a type based separation of data processing. In studies of connectivity
between brain areas ascending and descending pathways are often distinguished by layers
of origin and destination of the projections.

A collection of interconnected neuronal cells spanning the layers are grouped into
cortical minicolumns. This grouping is motivated by observations revealing abrupt vari-
ation of cortex’s functional properties between laterally adjacent points while they are
continuous in the direction perpendicular to the cortical surface [12]; [13, pp. 153–179].
Minicolumns are of particular interest as each of them contains a hundered neurons or
so, all cortical phenotypes and are separated by vertical cell-sparse zones. These con-
structions have been proposed to be the basic functional units of cortex [14], and while
this perspective is not undisputed [15], it is more often than not accepted to view a
collection of units in an artificial neural network as simplified models of minicolumns, or
of columns. The same view of brain physiology has further suggested that a collection
of minicolumns that are interconnected using short-ranged wiring, and share certain sets
of static and physiological dynamic properties (i.e. might process similar stimuli) form a
unit commonly termed the cortical column, cortical module or cortical area.

Interpretations of anatomical analysis carried out on the primate brain have yielded
suggestions of cortical modules being organized in a hierarchical way with distributed in-
termodular connectivity mainly of the reciprocal type [16]. A further functional implica-
tion deduced from this analysis asserts that cortical modules can be likened to processing
units carrying out different specialized tasks on different aspects of the stimuli. Taking
the moderate degree of connectivity (30 % – 40 %) of cortical modules into consideration
it is not unreasonable to speculate of information flow and organization also being hier-
archical and distributed where modules communicate their results with each other [13,
pp. 153–179]. This idea of information passing serially from one set of processing centers
to another set is often used as an explanation of different types of sensory stimuli show-
ing responses in different areas of the brain. Based on a number of studies carried out
primarily on the monkey’s brain Kaas and Hacket [17] presented a map of the primate
auditory system (delineated in figure 2.4). Maps of this kind are typical when inter-
preting brain function. Inspiration for this kind of interpretation comes from differences
and similarities in cortical architecture and response characteristics. In the case of the
auditory cortex of the monkey, different levels have different systematic representations
of the cochlea. The areas classified as core are similar in architecture and the neurons
there show alike responsiveness to tones, while neurons in the belt areas respond more
diligently to narrow bands of noise.

The concepts and line of thinking above play a fundamental inspirational role for the
modelling work carried out here.
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Figure 2.4: Cortical and subcortical connections of the primate auditory system. Major cortical
and subcortical regions are color coded. Solid black lines denote established connections in
primates while dashed lines indicate proposed connections based on findings in other mammals.
Joined lines ending in brackets denotes connections with all fields in that region. (Adopted from
the work of Kaas and Hacket [17].)
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Chapter 3

Modelling Sensory Integration

“What is ‘real’? How do you define ‘real’? If real is
what you can feel, smell, taste and see, then ‘real’ is
simply electrical signals interpreted by your brain.”

Morpheus (in Wachowskis’ The Matrix)

3.1 What is sensory integration?

A current and commonly accepted perception of ourselves in the cosmos is that we are
singular beings equipped with sensory systems through which information flows, informa-
tion that connects our external world with our internal one. Humans have more than a
dozen sensory systems in addition to the five that almost everybody knows of: vision (see-
ing), audition (hearing), somatosensation (touch), gustation (taste) and olfaction (smell).
These five systems are all faculties by which stimuli from outside the body are perceived.
Other systems include those of proprioception (joint motion), equilibrioception (balance)
and receptors within our bodies being stimulated by stretch.

Another commonly accepted view of this day is that our internal world is what is
called the mind, and that the brain is its organ. Sensory information is thus data that
in one way or another travel through our nerve pathways in order to be interpreted by
processing systems in our brains.

It is not unusual that the signals that events in this external world of ours emit can be
received via several sensory systems. A display of fireworks can for instance be felt, if the
show is a proper one, in addition to being both seen and heard. Anyone who has been to
a couple of firework displays knows that the experience of one with loud bangs and blast
waves is very different from one without. Those who have not have perhaps been to the
opera instead, and noted that if the libretto is available above the stage you can actually
hear what is sung. While not everybody goes to the opera, most do watch the television
and some have perhaps noted that it is much easier to hear what is said if subtitles are
available. Yet another example of a change in perception due to complementary sensory
data is that which happens when you follow the facial, and in particular lip movements of

11



12 Modelling Sensory Integration

a speaker. This change may be especially perceptible in noisy environments, such as at a
party, where it once again can determine whether you understand what is communicated
or not.

This facet of sensory integration is one of the two that is more closely examined here.
That is, when we are exposed to complementary sensory information the result may be
a considerable alteration of the quality of perception. In the case of the party, which is a
well examined situation, a quantification study of this qualitative alteration found that
the visual input corresponds to a hearing improvement equivalent to about 15-20 dB of
sound intensity [18].

Another frequent result of complementary sensory information is a more rapid be-
havioural response; according to psychophysical studies [19, 20, 21] human subjects tend
to react faster to congruent multisensory stimulation than if the stimulation were only
unimodal.

Psychophysical experiments of the sensory integration of incongruent visual and hap-
tic information where the visual stimulus is blurred to varying degrees have shown a
smooth transition between which of the two information sources dominate the subject’s
percept [22, 23]. Similar experiments have been performed in the audiovisual setting
where the task was to localize a sound source, and the same effects where observed; ei-
ther vision dominated the percept, audition, or a mean of both information sources were
formed [24]. These results and other recent evidence [25] suggest that the brain estimates
the quality of the incoming sensory data and integrates them in a statistically optimal
(in the likelihood sense; see e.g. the tutorial by Myung [26]), way [22].

The effects of integration are helpful to the individual only if the different sensory
information are (at least somewhat) congruent. If they are not, the result may lead
to a degree of misapprehension. Incongruent sensory information might in other words
lead to a subjective experience that does not reflect what is actually going on, and the
magnitude of the error seems to vary depending on the context.

Oddities may occur in some situations, such as when one of the sensory inputs com-
pletely dominates perception. The ventriloquist effect, where we perceive that it really is
the doll that is talking, is a prime example. There are cases when the reverse is true too,
that audition completely dominates perception. Human subjects presented with a briefly
flashed visual stimulus that is accompanied by two auditory beeps usually report seeing
two flashes [27]. Two other peculiar phenomena are those of the McGurk effect [28] and
the parchment skin illusion [29]. The former involves an audiovisual experiment where
human subjects are shown a face articulating a sound (e.g. /ba/) while being played
another sound (e.g. /ga/). In this case the subjects may report hearing something that
was neither articulated nor heard (e.g. /da/). The latter shows that humans’ perception
of their skin roughness can be altered by audition; when the sound of rubbing their palms
together is modulated, using a microphone close to their hands and headphones on their
heads, they can be made to feel that their hands are very dry, almost like parchment
paper, by accentuating high frequencies and attenuating sound intensity.

Binocular rivalry is another interesting sensory integration phenomenon that is in-
vestigated in more detail in the text presented. This phenomenon occurs in the unusual
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situation when the two eyes view very different things, through a stereoscope for instance.
If one, for example, views an image of a face with one eye and an image of a flower with
the other, the common response to this situation is quite different from what has been
described above. Instead of forming a mean or letting one of the images dominate per-
ception indefinitely alternation occurs, where each image is seen for one or a few seconds
at a time. The oldest record of this rather curious phenomenon is more than four cen-
turies old and comes from the work of Giambattista della Porta. He carried out a simple
psychophysical test where his subjects were presented with two book pages which had
a septum between, and noted perceptual alternations between these two pages (cited by
Wade [30]). But it was not until the 18th century that binocular rivalry received more
explicit attention, in the works of Le Clerc and Du Tour, and since then, interest has
increased. Attention is mainly focused on different aspects of the phenomenon such as
the neural correlates, the statistical aspects of dominance periods, their dependence on
different types of stimuli, and its relation to other settings that yield perceptional mul-
tistability. But the relation between binocular rivalry and sensory integration should be
clear, since under natural viewing conditions the information from the two eyes are inte-
grated to a single depthful percept. Recent computational modelling work indeed aims
either to be more holistic [31], or to provide model interpretations that could account for
binocular fusion [32].

Ergo, the process of organizing sensory information in such a way that behavioural
performance, in the common case, is improved is what sensory integration seems to be
all about.

3.2 Cortical modelling

3.2.1 The self-organizing map a.k.a. SOM

An important component of the architectures presented in this thesis is the self-organizing
map (SOM) algorithm developed by Kohonen [33]. This algorithm is used both for
organizing pre-processed external stimuli and for the further processing and organization
of data extracted from other modules, that may themselves have been organized with
the algorithm.

The self-organizing map is an artificial neural network model showing how stimuli can
be organized with an unsupervised learning algorithm based on interunit competition.
The units of a SOM are usually arranged in a grid of dimensionality low enough for
embedment in the space we perceive, i.e. one to three. The most common configuration
in the context of cortical modelling is a two dimensional lattice, and the units do in this
case typically represent vertical columns of cells through the six layers of the biological
cortex. Given a set of stimuli the SOM is organized using the mutual metric relationships
of these stimuli in the space containing this set. An organized map is then a topographic
representation of the stimuli in which the spatial locations of the units’ synaptic weights
in the lattice are indicative of intrinsic statistical features contained in the input patterns.
This ability of the model, to topographically map arbitrary dimensional patterns onto a



14 Modelling Sensory Integration

lattice of low dimension, is a main feature. It thus transforms input signals into place
coded probability distributions that represent the computed values of parameters by sites
of maximum relative activity within the map. Information represented in this manner
can then be readily accessed by higher-order processors using relatively simple connection
schemes.

Inspiration contributing to the SOM algorithm’s development stemmed from mod-
elling efforts [34, 35, 36, 37] aiming to explain the formation of direct topographic pro-
jections between two laminar structures. Arrangements of this kind are found widely
in the nervous system. The cited line of modelling was the first to build on the idea
that it is the rate of neuronal activity that governs the dynamics of map formation [38,
pp. 171–173], and its focus is to offer biologically plausible explanation of the genesis
of patterned neural connections. When viewing the SOM from the neuroscientific per-
spective, it clearly appears as a compact and computationally efficient description of
activity based cortical map formation that forms maps of the kind found in the primary
sensor areas. These areas do indeed seem to use topographically ordered spatial maps to
represent much of its information [39].

It may however not only be the primary sensory area that are organized in this
fashion; indirect evidence about language impairments is suggestive of spatially organized
representation of higher-level information also in this area [39].

On the level of acoustic dimensions relevant to human speech sounds, such as charac-
teristic peaks in the frequency spectrum of a speech sound and formants, topographically
organization has indeed been shown in the auditory cortex [40].

Similar evidence has also been collected from the visual system. In area TE within
inferotemporal cortex, an area located high up in the visual system but still processing
primarily visual information, there are neurons that seem to only respond to certain
moderately complex structures, such as star-shaped objects, joint line segments, simple
systems of simple objects and shaded balls [41]. Some cells in this area show an invari-
ability of their responses in that they may respond to several significantly altered versions
of the same object. These alterations may include changes of aspect ratio, reversal of
contrast polarity, change of size and orientational shifts. Based on this evidence a colum-
nar organization of TE is suggested, where columns code for different complex structures.
Topographic organization has been observed in particular cases only. In one experiment
a face is presented at several angles and the spot of activation moves continuously over
an area within TE. This means that systematic movement of an activation spot in re-
sponse to stimulus rotation has been detected, an observation hinting at a topological
organization where the topology may be determined by more complex properties such as
viewing angle, shape, shading or intrinsic angles of the object.

Remarkably, the mechanisms behind map formation in the SOM seem to work well for
modelling semantic maps as well. SOM simulation results have shown how “logically sim-
ilarity” between words can be detected from the statistics of their contexts, independent
of any judicious encoding of the input data [42].
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3.2.2 Other approaches

The laterally interconnected synergistically self-organizing map (LISSOM) [43] is another
model for cortical organization that has several similarities with Kohonen’s SOM. Like
the original SOM the LISSOM also consists of a sheet of units with the same intended
interpretation. These units are however equipped with both excitatory and inhibitory
lateral connections in addition to the excitatory afferent connections also found in the
SOM. All connection weights, i.e. both lateral and afferent, are updated using normalized
versions of the Hebbian principle, and lateral connections with insignificant weights are
pruned during the more mature stages of organization. While the afferent connections or-
ganize topographically, much like in the SOM, the lateral connections contain information
about the activation correlations between neighbouring units. As the inhibitory lateral
connections typically reach three times as far as the excitatory ones, these connections
hence serve as local implementations of response sharpening. Thus, when comparing to
the SOM by Kohonen, the LISSOM is a more plausible model of cortical map formation,
from the biological perspective, at the cost of significantly increased computational cost.

Both the SOM and the LISSOM are rate based models in which dynamics are pre-
dicted using neuronal activity rates. In spiking models the individual spikes of neurons
are modelled instead. While computational efficacy is sacrificed increased simulation
detail is gained. Spiking models usually consist of a collection of differential equations,
and this makes simulations of larger scale using such models computationally prohibitive.
Izhikevich [44] has however presented models of that exhibit spiking behaviours of several
types of cortical neurons while being sufficiently computationally efficient enough for fea-
sibility of large scale simulations. Computational efficiency has been achieved by reducing
model complexity through the use of functions fitted to measured dynamics instead of
solving for the behaviour using differential equations. Using these spiking models the
same author [45] has, together with Edelman, presented a large-scale model of the mam-
malian thalamocortical systems. The shape and connectivity of this model is based on
imaging data for a human brain, while other details of the model were determined using
experimental data from human, rat and cat. The miniature model with its diameter of 40
millimetres successfully displays holistic behaviours that have been found in functional
studies. What this model clearly shows is the clear interest in phenomenological models
as a step in our understanding of the brain.

3.3 Modelling sensory integration in alternative ways

There are of course efforts that are independent of those accounted for in this thesis to
model of sensory integration on the level of neural sheets. The model of the superficial
and deep layers of superior colliculus by Casey and Pavlou [46] employs self-organizing
maps associated by Hebbian links that are trained using the “activity product rule” with
re-normalization (e.g. [47, p. 57]; [48]). The established association forms an approximate
translation from one of the map’s postsynaptic coordinate space into the other’s, thereby
facilitating the combination of postsynaptic activities which forms a bimodal activity
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field. Whereas the main focus of the model is to demonstrate one way of organizing an
association between the two maps, the authors’ experimental goal is to mimic behavioural
studies of sensory integration that show an enhancement of activity at the bimodal level
when congruent multisensory input is presented. The model is purely unidirectional with
convergence existing at the bimodal level only.

A different model of sensory integration within the superiour colliculus has been pre-
sented by Magosso and colleagues [49]. This model also consists of three sheets of equal
size, each containing simplified artificial neurons. The sheets model visual, auditory,
and multimodal areas, respectively. Here though, the units are equipped with lateral
connections whose weights are distributed in the mexican-hat manner. Model stimuli
are represented as spatio-temporal activity distributions. Units in the unimodal areas
have Gaussian receptive fields, but they project only to one designated neuron in the
multimodal, respectively. Projections from the multimodal sheet to the unimodal ones
are implemented in the same manner, where each multimodal unit only projects back to
the units it receives input from. The units’ activation rates are computed using a first-
order transfer function and a static sigmoidal relationship. There is no learning in this
model as all links have predetermined weights and the architecture is thus hard-wired.
Weights are however varied manually by the authors in order to model different integra-
tion phenomena and the authors speculate that the reason for the range of characteristics
exhibited by neurons in real neural networks is randomness in synaptic strengths.

The basic module of the model by Rolls and Deco [3, ch. 19] is a pattern associa-
tion network that can be made to associate two stimuli using an associative (Hebb-like)
learning rule. By interconnecting three of these modules a recurrent architecture for au-
diovisual processing is built where two modules process sensory stimuli and multimodal
convergence is carried out in the third. The multimodal module feeds its signals back
to both sensory processing modules. Although the method of modelling is quite differ-
ent from those described here, the modelling goals are rather similar. Three points are
made: The individual modules can exhibit the effects of facilitation, where responses
are increased for congruent inputs, and suppression, where responses are suppressed for
incongruent inputs. The model can also display both the behaviour where one stimulus
dominates over the other and the effect of McGurk, where the stable state corresponds
to neither of the input stimuli.



Chapter 4

Summary of appended essays

4.1 Paper A: AMultimodal Self-Organizing Network

for Sensory Integration of Letters and Phonemes

This essay describes a further development in the line of biologically inspired sensory
integration architectures that use the idea of letting artificial neural lattices trained with
Kohonen’s self-organizing algorithm communicate the positions of their winner neurons
with each other. Previous architectures in this line had the limitation of not being able
to take the estimated reliabilities of the signals to be integrated into account. A method
for adding this feature is presented.

Instead of using lattices that have been trained with concatenations of coordinates
for determining a fused result, the post-synaptic activity fields of the pre-fusion artificial
neural lattices are transformed in such a way that for congruent inputs the locations
of peak activities coincide. This idea and a description of implementation are the key
contributions of this paper.

The improved architecture is tested on the sensory integration scenario of letters and
phonemes. It successfully exhibits phenomenological behaviour very similar to those
found in brain imaging and psychophysical studies.
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4.2 Paper B: An Architecture For Modelling Cor-

tical Sensory Integration With Applications To

Integration Of Letters And Phonemes

In this essay, the continued research effort on the phenomenological model of sensory
integration is laid out.

The essential contribution is a different and more systematic method of architecture
initialization. In addition, the architecture is more comprehensively described with model
parameters isolated and initialization procedure explained thoroughly enough so that the
model may be toyed with by potential third parties with interest.

Integration of letters and phonemes is again chosen as the scenario of application. The
scenario suite is however increased to contain more findings from the brain imaging and
psychophysical research communities. The architecture’s phenomenological behaviour
matches those reported in important publications from these communities; the robust-
ness of auditory percepts against sensory noise when a congruent, possibly noisy, visual
stimulus is available, and activation of auditory area by visual stimuli alone.

4.3 Paper C: A Biologically Inspired Artificial Neu-

ral Network Architecture For Studying Binocu-

lar Rivalry

A computational model for binocular rivalry is presented in this essay. The focus of this
work is to present a model in which several important features of binocular rivalry is
coherently exhibited for one set of model parameters.

Using similar ways of thinking as in the works on sensory integration an intuitive
and biologically supported architechture based on a hierarchy with feedback of lattices
containing simple artificial neurons is proposed. Its purpose is to model a cortical area in
which competition between populations of neurons that should not be co-active occurs.
There is however no direct mapping between this architecture and the visual system, but
surprisingly this intuitive formulation does reveal behaviour that is qualitatively similar
to those found in binocular rivalry experiments. Whence, model parameters are identi-
fied and tuned so that its behaviour agrees also quantitatively.

This thesis addition is a work in progress. The essay has therefor not yet reached the desired

maturity and will be finished in the nearest future.



Chapter 5

Conclusion

and prospects of future work

“Quis hic locus, quae regio, quae mundi plaga?”

Hercules (in Seneca’s Hercules Furens)

The primary focus of the work presented in this licentiate thesis is on sensory inte-
gration and the phenomenological modelling thereof. As shown in two of the appended
works the method of modelling chosen, architectures composed of interconnected lattices
of neuron-like units, can definitely be considered viable.

It is demonstrated that if the input stimuli are congruent, the model exhibits increased
robustness of classification against noise at the levels of converging stimulation. The
improvement is present both at the level where the unimodal inputs converge and at
the level where the bimodal signal is integrated with an unimodal one through feedback.
This increase of robustness, which thus comes from combining complementary congruent
stimuli, has been quantified. The model also demonstrates how the auditory system may
be activated by only visual stimuli.

What these results indicate is that, (1) neural lattices that are organized using Koho-
nen’s self-organizing algorithm can indeed be useful when modelling small parts of cortex
and (2) that, and architectures built from these lattices can model sensory integration
within larger cortical systems.

As an immediate next step the architecture will be applied to modelling the audio-
visual integration of lip movements and speech. This scenario is much more common in
our lives, and more importantly, it is also much more studied. The goal of this work
is primarily further model validation and it’ll be interesting to see how well the model
behaviour agrees with experimental data in scenarios such as when incongruent stimuli
give rise to the McGurk effect.

Another task also within close reach is the examination of how the sensory integration
model can be made to combine stimuli in an statistically optimal way, just as integration
systems in the brain seems to do.

An additional, and obvious, item on the agenda is to finish the work on binocular
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rivalry. Beyond this task, further work in this direction will be the modelling of percep-
tional multistability in general. The justification for travelling this path is hypotheses
stating that underlying mechanisms, such as competing neural representations and neural
fatigue leading to activity decrement, are common for binocular rivalry and perceptional
multistability. Identifying similarities and differences through modelling ought to be of
interest.

What exactly lies at and beyond the horizon in the sensory integration direction is
uncertain due to the diversity of options. It will be interesting to build larger architectures
using similar ideas and examine the different properties that arise. The goals in this case
would be to model the analogies of, and contrasts between, sensory stimulation and
imagery.
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[5] Papliński, A. P. and Gustafsson, L. (2005) Multimodal feedforward self-organizing
maps. Lecture notes in computer science, 3801, 81–88.
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A Multimodal Self-Organizing Network for Sensory

Integration of Letters and Phonemes

Lennart Gustafsson, Tamas Jantvik & Andrew P. Papliński

Abstract

Integration of signals from sensory receptors of different modalities is known to en-
hance perception. Integration takes place in bimodal and multimodal association areas
of neocortex and results in robust bimodal or multimodal percepts as well as in feed-
back mediated enhanced unimodal perception. A Multimodal Self-Organizing Network,
MuSON, is presented as a tool for simulating sensory integration. The latest version of
this MuSON, that is described in the current paper, also takes the degree of recognition
of stimuli in the various maps of the network into account. Simulation results show the
same characteristics as corresponding results from psychology and neuroscience.

1 Introduction

Many phenomena are manifest in two or more sensory modalities. Such is, e.g., the
case of speech which can be seen in lip movements and heard. Bimodal or multimodal
integration of sensory information is advantageous in such cases because the perception
of the phenomena becomes more robust against noise in one or more modalities. This
has been established in the case of audiovisual speech in e.g. [1]. For an extensive review
of studies in bimodal and multimodal integration, see [2].

It has long been known that bimodal sensory integration takes place in association ar-
eas, e.g. in the superior temporal polysensory area (STP), see e.g. [3, 4], but multimodal
convergence also occurs earlier in cortical sensory processing, see e.g. [5, 6].

There are different mechanisms for integrating signals conveying auditory and visual
information onto a neural structure. Both feed-forward (bottom up) connections from
lower levels to higher levels in the neural hierarchy and feedback (top down) connec-
tions going in the opposite direction serve to integrate information from different sensory
modalities, see e.g. [7, 8].

Both feed-forward and feedback in neural processing have been extensively studied.
A presented stimulus will cause a rapid feed-forward sweep of activity with a short delay
at each hierarchical level [9]. This activity is subsequently modulated by feedback.

Feedback plays an important role in the processing of audiovisual speech. Speech is
processed in a network of cortical regions, see [10] for a review, with early processing
taking place in sensory specific cortices [11, 5, 12]. Processing for phoneme perception
takes place in the left posterior Superior Temporal Sulcus (STSp), see e.g. [13, 14].
Integration of the two modalities of audiovisual speech takes place in the multimodal
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association area in the Superior Temporal Sulcus (STS) and the Superior Temporal Gyrus
(STG) [12], located between the sensory-specific auditory and visual areas.

Audiovisual speech exists in two forms; lip reading and hearing, and reading letters
and hearing. In both forms the auditory perception is enhanced compared to purely
auditory speech, see [15, 16]. The activity in unisensory auditory cortex is increased due
to feedback from the bimodal area in the STS to auditory cortex [17, 18]. Letters are
processed in unisensory visual cortex in or close to the left fusiform gyrus, see [19, 20, 21].
Bimodal integration of phonemes and letters takes place through feed-forward processing
in the STS [22, 18].

We have earlier [23, 24, 25, 26] modelled the processing of phonemes and letters in
the sensory-specific areas and in the bimodal association area. We used a multimodal
self-organizing network (MuSON), consisting of maps with phonetic and graphic inputs
respectively, and an integrating bimodal map, corresponding to the cortical architecture
described above. Feedback from the bimodal association area to the auditory cortex was
also modelled in the auditory module.

With this model we have demonstrated [24, 25] that bimodal percepts are robust
against additive noise in the letters and phonemes and that this robustness of the bimodal
percepts is “transferred” down the auditory processing stream by feedback. The results
from simulations with this model suggest that we hear a noisy phoneme better when we
see the corresponding uncorrupted letter.

The feedback from the bimodal area to the auditory area should cause activity there
even in the absence of auditory stimuli, provided a visual stimulus is present. It has been
shown that there is activation in auditory cortex during lip reading [5], even though the
sound has been eliminated. In this paper we will show that our model also exhibits this
property. To do this we extend our model further with more versatile modules than we
have previously been using [24, 25].

2 The multimodal self-organizing network

Self-organizing neural networks have been inspired by biological neural systems. Ko-
honen Self-Organizing Maps (SOMs) are well-recognized and much researched tools for
mapping multidimensional stimuli onto a low dimensionality (typically 2) neuronal lat-
tice, for an introduction and a review, see [27]. In this paper we will employ a network of
interconnected modules, referred to as a Multimodal Self-Organizing Network (MuSON),
see [23, 24, 25], consisting of SOMs and SumSOMs (Summing Self-Organized Maps). The
SumSOM is introduced in this paper to enable the MuSON to fuse signals from different
modules while taking their adherent activity levels (i.e. intensities) into account.

We first consider our previous feedforward Multimodal Self-Organizing Network (Mu-
SON) as depicted in Figure 1. The pre-processed sensory stimuli, xlt and xph, form the
inputs to their respective unisensory maps, SOMlt and SOMph. Two-dimensional outputs
from these maps, ylt and yph, are combined together through simple concatenation to
form a four-dimensional stimulus for the higher-level bimodal map, SOMbm. The training
of these maps is done in sequential order with the sensory maps being trained first where-
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Figure 1: A two-level feedfoward-only Multimodal Self-Organizing Network (MuSON) processing
auditory and visual stimuli consisting of Kohonen maps (SOMs). The auditory stimuli are
processed in SOMph, and the visual stimuli in SOMlt. Bimodal integration then takes place in
SOMbm.

upon the bimodal map is trained with concatenations of the winner neuron positions, in
the two former maps, for corresponding sensory inputs. All maps are trained according
to the well-known Kohonen learning law, see [23, 24] for details. After self-organizations
each map performs a mapping of the form: y(k) = F (x(k);W,V ), where x(k) represents
the kth stimulus for a given map, W is the weight map, and V describes the structure of
the neuronal grid. The 2-D output signal y(k) gives the 2-D position of the winner.

We will now extend this MuSON with the intention of incorporating feedback, from
the bimodal- to the auditory processing unit, and enhancing its ability to exchange
information between different processing units. This latter enhancement makes use of
the activity levels generated by the processing units. Since the activity level of a neuron
reflects how well its input agrees with previous training data, the response grading thus
correlates with how well the submitting unit recognizes its input. Thus, as a consequence
of this enhancement the units can communicate graded responses and these gradings can
then be used to perform weighted response fusion. To carry out this fusion while also
taking the degree of congruency between the responses into account, formal relations
between the signals pending fusion have to exist, and these relations must be exploited
using a technique that yields a fused signal that is meaningful.

3 A MuSON with SumSOMs

In this extended architecture we utilize SOMs whose output signals do not merely consist
of the position v of a winner neuron, resolved via the structural description V as before,
but also the activity level a of this neuron. To fuse two outputs of this kind in the
desired way we employ signal transformation and postsynaptic activity combination.
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More specifically, we introduce a neuronal network configuration SumSOM which, using
the two mentioned concepts, integrates a pair of outputs coming from Kohonen SOMs
and/or SumSOMs and classifies this integrated signal. The transformation is applied
to at least one of the SumSOMs’ incoming signals, prior to integration, to permit the
integration step to be straight-forward.

The SumSOM produces an output of the same kind that the standard SOM does;
a classification coded as a 2-D position of maximum activity and the activity level at
that location. Therefore, the output from a SumSOM can be interpreted the same way
as the output of the standard SOM. Our intention is for these SumSOMs to be seen as
extensions to Kohonen’s SOMs, allowing the processing of more than one input signal
while replicating the SOMs behaviour during its application phase.

We employ this configuration with two variations; one in which the output from one
SOM is transformed in order to enable modulation of the postsynaptic activity field of
another, and one in which the output signals from two SOMs are both transformed so
that the fused response may lie in a space that differs from both of the SOMs’ output
spaces. We call the former variation a SumSOM of type 1 and the latter a SumSOM of
type 2.

An outline of the extended architecture, using the described configurations as building
blocks, is depicted in Figure 2. Initializing this architecture requires that the three maps
discussed in section 2 are already organized as described. The initialization essentially
consists of automatically arranging the neuron weights in the SumSOMs, using data
from the three self-organized maps, in such a way that congruent inputs to them produce
correctly fused outputs. More detailed accounts of how this is done are presented in
section 4. What is important to note is that the additional initialization steps needed
here does not alter the organizations produced by the previous training. Nor does it need
any manual interventions if the network is reset and the training process restarted.

The same sensory stimuli as previously are input to the sensory processing units
here, via xlt and xph. The feedback signals, vbm and abm, going from the bimodal to the
auditory processing unit are undefined from the outset, which in this model resuls in xph

being fused with a weak noise signal (i.e. vbm random, abm � 1). The two sensory units
output the positions of their respective maximum activities, on vlt and vph, along with
the magnitude of these activities, on alt and aph. The bimodal processing area then fuses
these signals and feeds its classification contained in vbm back to the auditory SumSOM
together with the activity level abm. Processing in the auditory unit is modulated by this
feedback, resulting in a new output, and this recurrent process continues until it either
converges or reaches a maximum number of allowed iterations.

4 SumSOM details

Figure 3 shows a schematic of a type 1 SumSOM which thus integrates the output of a
SOM, coming in on v1 in and a1 in (as a 2-D position of a neuron and its activity), with
the postsynaptic activity field of the other SOM, labelled SOM0. The main prerequisite
for initializing the neuron network TM1 in a way that enables the SumSOM to achieve
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Figure 2: A two-level MuSON with feedback processing auditory and visual stimuli. The MuSON
consists of SOMs and SumSOMs. SumSOMs combine signals that may come from SOMs and/or
SumSOMs.

a meaningful integration of its training data is that there is a one-to-one correspondence
between the xSOM0 training data set and training data set of the SOM that generates the
signals coming in on v1 in. Assuming this prerequisite is fulfilled and that both SOMs are
already organized the initialization of TM1 aims at enabling it to become a transforma-
tion map that transforms its inputs into SOM0’s output space. The initialization begins
by letting the neural lattice in TM1 be of the exact same type as in SOM0. The weights
of TM1’s neurons W1 are then modified in such a way that the winner in this network
has the same position as the winner in SOM0 for each corresponding pair (xSOM0; v1 in)
in the training data. A neuron that did not get its weights modified by this preceding
procedure gets assigned with a varied version of the weight vector of its closest neigh-
bouring neuron that did. This variation depends on the length and orientation of the
two-dimensional vector that lies in the SOM, that originates from the previously men-
tioned closest neighbour neuron and pointing to the neuron whose weights are to be
assigned. The aim is to create patches in the transformation network that become highly
active for the training samples of v1 in, as well as for small variations of those samples,
that coincide with the patch of maximum activity that appears in SOM0 for the corre-
sponding training samples of xSOM0. When all neurons have been assigned weights, the
initialization phase is completed by nullifying the weights of all those neurons that are
located on patch peripheries. This last step is merely done to ease visual interpretations
of the map’s postsynaptic activity surfaces.

Upon completion of the respective training and initialization phases of SOM0 and
TM1, SumSOMType1 fuses its input pairs together by transforming and superposing the
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Figure 3: Outline of SumSOMType1 which fuses the input, (v1 in, a1 in), coming from a
SOM/SumSOM together with SOM0’s response. M is the number of neurons in SOM0.

induced activity fields of its neuron networks, treats the result as an integrated response
field, and forms the fused output as location and intensity of the maximum activity in
this field. In detail, the respective activity fields in SOM0 and TM1, caused by inputs on
(xSOM0; v1 in), are forwarded as ΦSOM0 and Φ1. To bring about a combination of these
fields that reflects how well the stimuli are recognized, ΦSOM0 is multiplied with g(aSOM0)
while Φ1 is multiplied with g(a1 in), where the function g rescales activity levels in a way
that adequately amplifies the difference between high and low activities. Prior to these
multiplications the activity field Φ1 is transformed using the function f which subtracts
the minimal positive activity level from the field and then rescales all levels equally with
the factor needed to restore the peak activity to its original magnitude. One way of
viewing this operation is to interpret it as a kind of lateral inhibition, and it is aimed to
making the maximal activities in the transformation map more prominent. Once these
operations have been performed the activity fields are superimposed and rescaled with
the constant 1

2
, forming a new field Φfused that is functionally comparable to those created

by the two-dimensional neuronal lattices that our Kohonen maps consist of, and the same
methods of determining the maximum activity’s position and the activity intensity can
be used, thereby forming the unit’s output (vout, aout).

The other variation of our SumSOM allows us to perform weighted signal fusion of
outputs coming from two SOMs (and/or SumSOMs) while replicating the responses of
a third (a template SOM). A schematic is shown in figure 4. As with SumSOMType1,
setting up meaningful integration of the inputs of a SumSOMType2 requires a one-to-one
correspondence of the training data set that generates the signals on v1 in and v2 in.
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Additionally, the setup phase of a type 2 SumSOM also needs an external template that
dictates the resolution of the SumSOM’s response field and supplies a predetermined
winner position for each corresponding pair in the training data. Here, the template
consists of a Kohonen SOM that has been trained with the concatenations of the (Sum-
)SOMs’ signals v1 in and v2 in generated when these are presented with corresponding
samples of the training data (i.e. as described in section 2). Set up thus begins with
letting the neuron lattices in both TM1 and TM2 be of the exact same type as in the
template SOM. The weights of these networks are then assigned so that corresponding
training signals on v1 in and v2 in yield the same positions of winner neurons in both
networks and that these positions agree with the winner positions generated by the
template SOM. Initialization of the both maps concludes as with TM1 in the type 1
SumSOM as described earlier.

The operation of a SumSOMType2 after it has been initialized is similar to that of a
SumSOMType1. Input signals received via (v1 in; v2 in) induces activity fields in the two
transformation maps TM1 and TM2. Before these activity fields are superposed they are
both transformed, through the application of the function f , to increase the numerical
significance of the maximum activity levels. The altered fields f (Φ1) and f (Φ2) are
also rescaled with g(a1 in) and g(a2 in), respectively, where g has the same purpose as
previously described. After superposition the combined field is element-wise multiplied
with the constant 1

2
and the result Φfused is the unit’s response field. The position of the

peak activity and its magnitude are respectively output via vout and aout.
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5 The maps for letters, phonemes and bimodal per-

cepts

The pre-processed stimuli inputs xlt and xph to the letter and auditory processing maps
consist 22- and 36- element vectors respectively. The pre-processing of stimuli is described
in [24]. Resulting self-organized maps for letters and phonemes are shown in Figure 5.
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Figure 5: Patches of highest activity for labelled letters and phonemes after self-organization. In
the letter map the response field consist of the output signals of 36× 36 neurons. The phoneme
map’s response field is composed of 2× (36 × 36) fused neuron signals.

For a discussion of these maps and the “phonetic typewriter” from 1988 by Kohonen, see
[24, 25, 28, 27].

The patches in Figure 5 cover populations of neurons which show the highest activity
for their respective stimuli. These neuronal populations constitute the detectors of the
respective stimuli.

The bimodal map integrates letters and phonemes as shown in Figure 6. The sim-
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Figure 6: Bimodal map. Patches of highest activity for labelled letter/phoneme combinations
after self-organization. Response field consists of 2× (36× 36) fused neuron signals.
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ilarity characteristics of this map are derived from the placement of the patches in the
letter and phoneme maps and thus only indirectly reflect the features of the letters and
phonemes.

The maps in Figures 5 and 6 have been obtained through self-organization of the
original MuSON summarized in section 2 and have been retained in the extended MuSON
by initialization in the expanded MuSON of Figure 2.

6 Robustness of the bimodal percepts and the re-

coded phoneme map against unimodal disturbances

When uncorrupted letters and corrupted phonemes are presented to the extended Mu-
SON, the resulting bimodal percepts are very stable against the corruption of the phonemes
as are the auditory processing results due to feedback from the bimodal map. As stated
in the introduction, this is an important advantage of sensory integration.

We choose to illustrate this with the uncorrupted letter p and the corrupted phoneme
p in Figure 7. It is seen that the auditory processing at first yields a borderline t. But
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Figure 7: The peak activities through loops are shown as dots and symbols on the progression
curves. The ◦-symbols show the initial positions of these activities. Phoneme corruption consists
of mixing the uncorrupted versions p and t together.

after only one loop through feedback the classification changes to a p, and after six loops
the activity peak has reached the ideal position; the position for an uncorrupted phoneme
p. The initial bimodal percept is within the neuronal patch for p and reaches the ideal
position for p after five loops. This very powerful corrective action against corruption is
typical for all letter and phoneme pairs.
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7 Activation of auditory cortex by visual speech alone

As stated in the Introduction there is activation of parts of auditory cortex during silent
lip reading [5]. We will here show how this effect of sensory integration, based on the
model given in [18], is also manifest when visual speech consists of letter reading. Silence
in our experiment is characterized by very low initial activity in the auditory process-
ing; this level has been chosen to be approximately 10% of the activity caused by an
uncorrupted phoneme. Silence will have an initial winner position in the auditory pro-
cessing map, but the coordinates of this position becomes unimportant in the subsequent
processing since the adherent activity level is low. Figure 8 depicts the results from a
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Figure 8: The MuSON received “silence” and the letter i. Initial peak activity in the auditory
unit is indicated by the symbol ◦.

simulation run of our extended MuSON when it has been presented with the letter i to-
gether with “silence”: The maximum activity in the auditory processing unit is located at
the ideal position after only one feedback loop, whereas the bimodal percept immediately
manages to dampen the weak auditory signal sufficiently for it to not have an influence.
The peak activity levels generated by both units are somewhat lower compared to the
levels attained when the MuSON is presented with the uncorrupted phoneme i instead
of silence.

8 Conclusion

We have introduced the SumSOM architecture into our Multimodal Self-Organizing Net-
work. This extended network includes the degree of recognition of stimuli in different
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modalities in its computations. As an application we have shown that, when making
use of this network as a modelling tool for bimodal integration of audiovisual speech
consisting of phonemes and letters, it yields results which agree with known results from
psychology and neuroscience.
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Abstract

Integration of signals from sensory receptors of different modalities is known to en-
hance perception. Integration takes place in bimodal and multimodal association areas
of neocortex and results in robust bimodal or multimodal percepts as well as in feed-
back mediated enhanced unimodal perception. A tool for modelling sensory integration
using lattices of artificial neurons, the Artificial Cortical Network (ACN), is presented
herein. In this neural architecture the degree of recognition of stimuli, i.e. the perceived
reliability of stimuli in the various modules of the network, is included in the compu-
tation. Simulation results show the same characteristics as corresponding results from
psychology and neuroscience.

1 Introduction

Many phenomena manifest themselves in more than one sensory modality. In such cases
the integration of several complementary unimodal percepts into single bi- or multimodal
percepts offers several advantages. Time to detection of an event is for instance reduced
if the event presents itself in more than one modality [1]. It is also well established that
the detection and identification of such an event is more robust against disturbances in
one or more modalities [2].

Sensory integration has been studied extensively. The book edited by Calvert et
al. [3] offers a comprehensive review and a more recent review is offered in the paper
by Driver and Noesselt [4]. Functional magnetic resonance imaging (fMRI) has become
increasingly important as a tool for non-invasive studies of sensory integration in human
subjects [5]. This tool has been used to produce massive amounts of data, data that
need both interpretation and modelling to aid understanding. The developing of models
based on this extensive body of information and literature constitutes a major part of
our motivation.

Speech is an important case of bimodal stimuli; it is primarily perceived by hearing
but is also seen in lip, mouth and other facial movements. It has long been known that
visual speech significantly increases auditory speech comprehension under noisy auditory
conditions [6], and a recent study has shown that audiovisual speech yields comprehension
improvement even when auditory conditions are good [7].
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Another long known fact is that bimodal sensory integration takes place in association
areas, e.g. in the superior temporal polysensory area (STP) [8, 9]. But, multimodal
convergence also occurs earlier in cortical sensory processing [10, 11]. There is however
still a distinction between the “classical” multimodal areas where many neurons have
afferents from more than one modality and the areas previously seen as purely unimodal
where cross modal influence is modulatory [11].

The mechanisms mediating integration of signals conveying auditory and visual infor-
mation onto a neural structure are several: Both feed-forward (bottom-up) connections
from lower levels to higher levels in the neural hierarchy and feedback (top-down) con-
nections going in the opposite direction as well as lateral connections serve to integrate
information from different sensory modalities [12, 13, 14].

Feed-forward and feedback have both been extensively studied in neural processing.
Recent work suggests that a presented stimulus will cause a rapid feed-forward sweep of
activity with a short delay at each hierarchical level [15]. This activity is then modulated
by feedback.

Feedback plays an important role in the processing of audiovisual speech. According
to the review by Price [16] speech is processed in a network of cortical regions, with early
processing taking place in sensory specific cortices [17, 18, 19]. Processing for phoneme
perception takes place in the left posterior Superior Temporal Sulcus (STSp) [20, 21].
Integration of these two modalities of audiovisual speech takes place in the multimodal
association area in the Superior Temporal Sulcus (STS) and the Superior Temporal Gyrus
(STG) [19], located between the sensory-specific auditory and visual areas.

Audiovisual speech exists in two forms; lip reading while hearing, and reading letters
while hearing. In both forms the auditory perception is enhanced compared to purely
auditory speech [22, 23]. The activity in unisensory auditory cortex is increased due
to feedback from the bimodal area in the STS to auditory cortex [24, 25]. Letters are
processed in unisensory visual cortex in or close to the left fusiform gyrus [26, 27, 28].
Bimodal integration of phonemes and letters also takes place in the STS, through feed-
forward processing [29, 25]. An important series of reports on different aspects of letter-
phoneme integration has been presented from the Department of Cognitive Neuroscience
at Maastricht University in the Netherlands [25, 30, 31, 32]. An additional finding on the
architecture of letter-phoneme integration indicates effects of congruency of letter and
phoneme also in extrastriate visual cortex [31].

Earlier work using similar ideas to those in this paper has consisted of the mod-
elling of processing of phonemes and letters in sensory-specific and a bimodal association
area [33, 34, 35, 36]. The modelling was carried out using an architecture consisting of
separate but interconnected self-organizing modules with phonetic and graphic inputs
respectively, and an integrating bimodal module, corresponding to the cortical architec-
ture described above. Feedback from the bimodal association area to the auditory cortex
was also modelled in the auditory module. The architecture was called a multimodal
self-organizing network (MuSON).

Simulations of that architecture demonstrated that bimodal percepts have an in-
creased robustness against additive noise phonemes and, that this increase of robustness
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is “transferred” down the auditory processing stream by feedback. Results from simula-
tions of the MuSON architecture also demonstrated that we hear a noisy phoneme better
when we see the corresponding uncorrupted letter.

It has been shown that there is activation in auditory cortex during lip reading [18],
even though the sound has been eliminated. The feedback from the bimodal area to the
auditory area should thus cause activity there even in the absence of auditory stimuli,
provided a visual stimulus is present. In later modelling work [37] an extended model
with more versatile modules than those used previously [33, 34, 35, 36] was shown to
successfully exhibit also this property.

The work presented here has lead to further enhancements of the modules in the
artificial neural network and an extension of the architecture’s applications to include
two additional modelling possibilities. Using this model, we show how a letter enhances
the congruent phoneme when an incongruent phoneme is superposed on the congruent
phoneme. We also show that a letter, even in corrupted form, enhances the response to
the noisy congruent phoneme.

2 Methods

2.1 The Artificial Cortical Network (ACN)

In this paper we employ an artificial neural network architecture, referred to as an Ar-
tificial Cortical Network (ACN), which is comprised of interconnected artificial neural
network modules. Each module performs a topographic mapping as in Kohonen feature
maps [38] (a.k.a. self-organizing maps), and in addition, for each stimulus it generates an
output vector representing the neuronal position of the maximum postsynaptic activity.
It is important to note that the output vectors thus represent semantic labels of the re-
lated stimuli. Two types of modules are presented below, each employing its own learning
law. The architecture is called an Artificial Cortical Network since it is generally useful;
it is, for example, equally suitable for modelling the integration of different features in a
single modality.

The summing self-organized module (SumSOM) described in this paper is very similar
to the module with the same name previously presented by Gustafsson et al. [37]; it based
on the same ideas and also serves the same purpose of enabling the ACN to fuse signals
from different modules while taking their adherent activity levels (i.e. intensities) into
account. The difference in the description of it here and of that in previous work lies in
the way the module is initialized.

We first consider the architecture which we aim to extend; the feed-forward only ACN
(previously named a Multimodal Self-Organizing Network (MuSON) [34]). It is depicted
in Figure 1. As can be seen it is composed of three modules; SOMlt, SOMph and SOMbm.
Each module performs a mapping of the form

y = F (x;W,V ) , (1)

where x represents the stimulus for a given module, W is the module’s weight matrix,
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Figure 1: A two-level feed-forward-only Artificial Cortical Network (ACN) processing auditory
and visual stimuli consisting of self-organizing modules (SOMs). The auditory stimuli are pro-
cessed in SOMph, and the visual stimuli in SOMlt. Bimodal integration then takes place in
SOMbm.

and V describes the structure of the neural grid within the module. The 2-D output
signal y gives the 2-D position of the winner neuron. The 2-D positions are encoded as
a pair of numbers belonging to the unit disc. For neural grids of rectangular layout with
m× n neurons such as those used here these numbers are calculated as

y =

(
£

yx
yy

)
= 1

MR

(
c− m−1

2

r − n−1
2

)
,

where MR =
√(

m− m−1
2

)2
+
(
n− n−1

2

)2
,

(2)

and c and r are a neuron’s coordinates (column and row) numbered with natural numbers
in the straight-forward way.

Pre-processed sensory stimuli, xlt and xph, form the inputs to their respective unisen-
sory modules, SOMlt and SOMph. The two-dimensional outputs from these modules, ylt

and yph, are combined through concatenation and the results are then formed into inputs
to the higher-level bimodal module SOMbm.

The training of the architecture can be carried out in one step by repeatedly present-
ing the inputs to the sensory modules and the concatenation of the winning coordinates
to the bimodal module and then applying the learning rule in all three modules. But
it is perhaps more convenient to train the modules in sequential order, with the sensory
modules being trained first whereupon the bimodal module is trained with concatena-
tions of neuron coordinates belonging to congruent classification areas (The semantic of
classification areas is described in section 3.1) in the two former module. When using the
well-known Kohonen learning law [33, 34], as has been done in this and previous work,
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both techniques yield similar results.

Even though the feed-forward architecture depicted in Figure 1 will integrate uni-
modal percepts into bimodal percepts it is for two reasons not sufficient for more ad-
vanced modelling purposes due to two reasons: Firstly, as mentioned in the introduction,
feedback connections play an important role in sensory integration and these are missing
from the model. Secondly, there is no quality estimate of the stimuli resulting in the
unimodal percepts and such estimates seem to play a key role when information from
different modalities is combined. It has been hypothesized that in the nervous system,
different cues are combined in such a way that more reliable cues are given greater weight
in the integrated percept, and this hypothesis is not new [39]. The hypothesis has of late
been experimentally verified in a number of different cases, for a recent review see for
instance the work of Ernst and Bulthoff [40], including the case where the cues are uni-
modal, such as visual cues for depth estimation [41] and cases where the cues are bimodal,
such as audio-visual in the ventriloquist effect [42] and visual-haptic in estimating the
height of an object [43].

Ergo, we now extend this architecture with the intention of incorporating feedback,
from the bimodal to the auditory processing unit, and enhancing its ability to exchange
information between different processing modules. This latter extension makes use of
the activity levels generated by the processing modules. Since the activity level of an
artificial neuron of the kind that is used here reflects how well its input agrees with
previous training data, this aspect of the response correlates with how well the submitting
module recognizes its input. Thus, as a consequence of this enhancement the modules can
communicate graded responses and these gradings can then be used to perform weighted
response fusion. To carry out this fusion while also taking the degree of congruency
between the responses into account, formal relations between the signals pending fusion
have to exist, and these relations must be exploited using a technique that yields a fused
signal that is meaningful.

2.2 The ACN with SumSOMs

In our modelled study of the integration architecture initialization is carried out using
uncorrupted (i.e. ideal) stimuli only. Then, the presentations of corrupted stimuli, which
are formed by adding noise to the uncorrupted stimuli used during initialization, are
unlikely to exactly match to any of the neurons’ weight vectors and the resulting output
activity hence becomes less than the maximum possible. The peak magnitude of the
output activity can thus be taken as a measure of the reliability of a stimulus. We
therefore need to introduce processing of this magnitude into the complete architecture.

To this end we extend the architecture to utilize modules whose output signals do not
merely consist of the position v of a winner neuron, resolved via the structural description
V as before, but also the activity level a of this neuron. To fuse two outputs of this
kind in the desired way we employ coordinate transformation and postsynaptic activity
field combination instead of mere concatenation of coordinates. More specifically, we
introduce a neural network configuration SumSOM which combines the outputs coming
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from a pair of modules (SOMs and/or SumSOMs) and classifies this combined signal.
The coordinate transformation is applied to at least one of the SumSOMs’ incoming
signals, prior to combination, to permit the combination step to be straight-forward.

The SumSOM produces an output of the same kind that the simpler self-organized
module does; a classification coded as a 2-D position of maximum activity and the activity
level at that location. Therefore, the output from a SumSOM can be interpreted the same
way as the output of the standard SOMs used in previous work. Our intention is for these
SumSOMs to be seen as extensions to the SOMs, allowing the processing of more than
one input signal while replicating the SOMs behaviour during its application phase.

Two configurations of the SumSOM is described here; one in which the output of one
module is transformed in order to enable modulation of the postsynaptic activity field
of another module, and one in which the outputs of two modules are both transformed
so that the fused response lies in a space that differs from both of the modules’ output
spaces. We call the former configuration a SumSOM of type 1 and the latter a SumSOM
of type 2.

An outline of the extended architecture, in which both SOMs and SumSOMs are used
as building blocks, is depicted in Figure 2. The architecture is modelled on the cortical
network proposed by Atteveldt and colleagues [25] and also agrees with the findings
of Schroeder and Foxe [13], with feed-forward convergence to multisensory cortices and
auditory feed-forward but visual feedback convergence to auditory association cortex.

Initializing this architecture essentially consists of organizing the three maps as dis-
cussed in section 2.1 and arranging the additional neuron weights in the SumSOMs, using
data from the three self-organized modules, in such a way that congruent inputs produce
correctly fused outputs. More details on the SumSOMs is presented in appendix A and
the detailed accounts of how they are initialized within the architecture presented here
are given in appendix B.

During the application phase, i.e. after training and the additional initializations,
the same sensory stimuli as previously are input to the architecture’s sensory processing
units, via xlt and xph (the stimuli are described in more detail in section 2.3). The two
sensory units output the positions of their respective maximum activities, vlt and vph,
along with the magnitude of these activities, alt and aph. The bimodal processing module
then fuses these signals and its classification contained in vbm is fed back to the auditory
module together with the activity level abm.

The processing in the auditory module is modulated by this feedback, resulting in
new output, and this recurrent process continues until it either converges or reaches a
maximum number of allowed iterations. At the outset the feedback signals are undefined
and thus one must assign some initial values in the auditory processing module. Our way
of doing this is described in appendix C.

2.3 Stimuli

Before demonstrating our modelling applications of this presented architecture we de-
scribe the stimuli that are used during these applications in more detail.
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Figure 2: A two-level ACN with feedback processing auditory and visual stimuli. The ACN
consists of self-organized modules, SumSOMs and additional circuitry. SumSOMs combine
signals that may come from SOMs and/or SumSOMs. The number of neurons in the letter
module is denoted by M .

The pre-processed inputs xlt to the letter processing module consist 22-element vec-
tors. The data for the letter module is obtained from the representation of letters in the
12-point Times New Roman font. Each black and left-aligned font symbol is placed on
white background and then transformed into a 21× 25 pixel image. Afterwards, the col-
lection of images is scanned vertically so that each letter is represented by a 525-element
double precision stimulus vector.

In order to reduce the dimensionality of the letter stimuli we employ principal com-
ponent analysis (PCA) and discard the principal component scores of the components
spanning the two dimensions in the dimensionally reduced subspace of least variance. As
the total number of letter stimuli is being equal to 23, the dimensionality of the trans-
formed letter stimuli is thus reduced to 21. In the final pre-processing steps we find the
longest vector in the set of vectors containing the principal component scores and rescale
all these vectors with the inverse of its length, so that all vectors have a length shorter
than or equal to unity. Then we project these rescaled vectors up on the unit hypersphere
of dimensionality N+ 1, where N is the dimension of the original vectors, by applying
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the vector valued function

S(x) :=

⎛
⎜⎜⎜⎜⎝

x(1)

...
x(N)√

1−
∑

i (x
(i))

2

⎞
⎟⎟⎟⎟⎠ (3)

to each vector containing our rescaled principal component scores. The end result is thus
a set of Nlt = 23 vectors, each containing Klt = 22 elements.

It should be mentioned that we have performed alternative dimensionality reducing
processing of the letters such as measuring their coincidence with vertical, horizontal and
diagonal lines. The subsequent self-organization of the SOM has the same characteristics
as when principal components are used (not shown).

The pre-processed stimuli inputs xph to the auditory processing module consist of
Kph = 37-element vectors. In our study we use the phonemes as pronounced by a
female Swedish speaker with a particularly clear diction. She read a number of Swedish
words from which we parsed the initial phoneme, Nph = 23 phonemes in all. A set
of 36 mel-cepstral coefficients was determined for each phoneme. A discussion of the
mel-cepstrum and its use in representation of speech is given by Gold and Morgan [44].
The mel-cepstrum has however one well-known disadvantage; the mel-cepstral coefficients
are very sensitive to the addition of white noise to the speech sound. This is a crucial
observation from our point of view as we are interested in modelling the effects that
the adding of noise to the stimuli has on integration and this high sensitivity may blow
these effects out of proportion. There are many ways of mitigating this problem and we
have chosen to use one of the many different desensitizing methods; the one proposed by
Tyagi and Wellekens [45]. As with the letter stimuli, we find the longest vector, rescale
all vectors with its inverse length and apply the vector valued function S (eq. 3) to the
results. This yields our xph.

3 Results

3.1 The self-organized maps for letters, phonemes and bimodal

percepts

A typical example of resulting mappings in the respective sensory modules representing
letter and phoneme processing after self-organization is depicted in Figure 3. When a
training vector is presented to its corresponding SOM the SOM’s response field is highest
from a population of neurons in a connected area and thus these neuronal populations
constitute the detectors of the respective stimuli. We call these areas classification ar-
eas, or simply patches, and the figure shows each of these areas corresponding to their
respective stimuli (more precise details of how these areas are determined are given in
appendix B).
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(a) Letter map (b) Phoneme map

Figure 3: Areas of classification for labelled letters and phonemes after self-organization. The
labels share their positions with the ideal neurons. In both modules the response field consist of
the output signals of 36× 36 neurons.

The resulting map for the 23 letters in our material is shown in figure 3(a). We notice
that visually similar letters such as i, l and t are grouped together, a property which
is a known characteristic of networks trained with Kohonen’s self-organizing algorithm.
Likewise in the map for the corresponding phonemes, shown in figure 3(b), such phonemes
that are similar, e.g. the plosives p, k and t, are grouped together. Kohonen [46, 38]
offers further discussions of self-organizing maps such as these, and the related “phonetic
typewriter” from 1988.
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Figure 4: Bimodal map. Areas of classification for labelled letter/phoneme combinations after
self-organization. The response field consists of 36× 36 neuron signals.

An example of the arrangement within the bimodal module, which is self-organized
on concatenations of coordinates of congruent classification areas supplied by the sensory
modules is depicted in figure 4. The similarity characteristics of this map are derived from
the placement of the patches in the letter and phoneme maps and thus only indirectly
reflect the features of the letters and phonemes. After the completed initialization pro-
cedure, which we defer the detailed description of to appendix B, the bimodal processing
module thus integrates letter and phoneme and stimuli.
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3.2 Modelling application 1: Robustness of auditory percepts

against sensory noise

The identification of noisy phonemes in the presence of task-irrelevant letters has been
extensively studied and recently reported on by Blau et al. [31]. In this recent study the
authors determine the effect of the letter in the identification of phonemes by presenting
both congruent and incongruent letters, with and without visual noise in conjunction with
somewhat degraded phonemes to human subjects. The behavioural results revealed that
“the speed and accuracy of speech sound identification critically depended on the qual-
ity of the visual stimulus (congruency-by-noise interaction) where facilitation/inhibition
effects were reduced as a function of letter quality.” fMRI analyses showed enhancement
with congruent letters both in the multimodal STS area and in auditory association
cortex.

The same behavioural results have been obtained for continuous speech. Zekveld
et al. studied speech comprehension when text from an automatic speech recognizer
was displayed simultaneously or with small delays [47]. The authors concluded that
“people are apparently able to listen to speech in noise while simultaneously reading
partly incorrect text to enhance speech comprehension.”

Here we present an analysis of robustness of comprehension, based on simulations with
our model architecture. The analysis is carried out by forming new phoneme stimuli of
the form

xph = β · phoneme + α ·white noise

with α+ β = 1. α ranges from null to unity in steps of 0.05 (5 %) and the noise is
uniformly distributed.

In figures 5(a) and 5(b) we show the waveform of the phoneme ‘u’ unperturbed and
with 35 % noise (i.e. α = 0.35, β = 0.65), respectively.

The collection of visual stimuli is augmented as well, with a noisy variant of each
letter. The noisy variants are formed by using the ideal stimuli as starting points and
then changing the intensity each gray scale pixel as dictated by a uniformly distributed
random variable. The variable’s range is between minus 60 % and plus 60 % of the
pixels’ intensity range (if the pixel value becomes invalid we reflect the value through its
nearest intensity range boundary point). In figures 6(a) and 6(b) one can see the ideal
and perturbed versions of the letter ‘u’, respectively. We keep the same pre-processing
procedure as that described in section 2.3 so the pre-processed letter vectors whence lie
in the Euclidian space of dimension 45.

When pre-processed noisy stimuli are presented to the trained unimodal SOMs the
peak activity of the induced response fields are lower than when presenting ideal (learnt)
stimuli. As these peak activities are propagated to the sites of summation the activity
field derived from the noisiest source will be lowest and therefore have the least influence
on the fused activity. This is in agreement with the findings for other cases of sensory
integration [48, 49].

In what follows an example of the architecture’s developing dynamics after stimuli
presentation will be shown. Figures 7(a) and 7(b) show the outcomes of presenting the
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Figure 5: Ideal (top) and perturbed (lower) auditory stimuli (phonemes). The method of per-
turbation consists of adding white and uniformly distributed noise to the ideal (i.e. originally
recorded) waveform (see text for further details).

(a) Ideal letter ‘u’ (b) Perturbed let-
ter ‘u’

Figure 6: Ideal (left) and perturbed (right) visual stimuli (letters). The perturbed visual stimuli
are constructed by taking the ideal stimuli and changing the contrast of each pixel. The amount
of contrast change is dictated by a white and uniformly distributed random process (see text for
further details).

noisy phoneme ‘u’ (with 35 % noise) and the congruent noisy letter to the sensory modules
(i.e. the pre-processed versions of the stimuli shown in figures 5(b) and 6(b)). As can
be seen, the phoneme stimulus is so noisy that it is misclassified as an ‘l’. Because there
are no feedback effects in these unimodal modules (see appendix A for the details of the
auditory processing module) the initial activity fields remain the same throughout the
simulation.

Figures 8(a) and 8(b) show the development at the sites of summation. The recurrent
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Figure 7: Sensory modules’ responses to the noisy phoneme ‘u’ (right) and its noisy letter
counterpart (left). Patches drawn using continuous curves indicate the areas of classification
for the stimuli classes the input to the network belong to, while the dotted patch indicates what
the SOM actually classified the input as. Rectangular symbols indicate the neurons responding
to ideal stimuli and the filled circles denote the positions of peak activities during the current
simulation.
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Figure 8: Responses at the two sites of summation, i.e. in the auditory and bimodal processing
modules. The filled circle and triangle indicate the location of peak activity after the first and
second loop iterations, respectively. After iteration two the locations of peak activities do not
move. Patch indications bear the same meanings as in figure 7.

activity is brief and this is typically the case. The locations of initial maximum activities
in the different modules are shown with circle symbols while the location of final peak
activity is shown with a triangle. In the summed activity of the bimodal module the
difference between the final and initial activities is small. The winning neuron changes
within the same patch but the classification thus remains the same. This is however not
always so; the bimodal module as a whole is part of a recurrent loop and the development
can hence be more dynamic. The notable result of the recurrent activity here is that the
peak of the combined activity of the auditory module moves from the ‘l’-patch to the
‘u’-patch. The noisy letter has thus corrected the classification in the auditory processing
in our model.

This result is in agreement with results experimental findings. Kislyuk et al. [50]
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state that “Our findings show that visual stream can qualitatively change the auditory
percept at the auditory cortex level, profoundly influencing the auditory cortex mecha-
nisms underlying early sound discrimination.”. The signal paths of our model that give
rise to these results agree with those reported from the Department of Cognitive Neuro-
science at Maastricht University in the Netherlands [25, 30, 31, 32], as stated above, and
they also agree with the anatomical examinations of the corresponding areas in macaque
monkeys [13, 51].

In figures 9(a) and 9(b) we show the limits of the correcting efficiency of ideal and
noisy versions of the letters ‘u’ and ‘ä’ to the congruent noisy phonemes, and the mean
peak neural activity level when the stimulus is correctly identified. As expected the
uncorrupted letter stimuli have larger correcting capacity but the very noisy letter stimuli
(formed as explained previously in this section) also improves comprehension.
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Figure 9: Limits of correcting efficiency of ideal and noisy letters to congruent noisy phonemes.
The phonemes were perturbed by 16 different noise realization. Opaque markers denote cases
when the letters could correct all realizations and unfilled markers denote cases when at least
one noise realization could not be corrected by the letters. The variation of the peak activity due
to different noise realizations was low (standard deviation < 0.015).

The results for the other letter/phoneme pairs are not identical, but in all cases both
an uncorrupted and a very noisy letter aids the comprehension of the corresponding
phoneme.

3.3 Modelling application 2: Simultaneously spoken phonemes

One common situation where sensory integration is invoked arises when one is watching
one speaker while more than one speaker is heard. Here, we test the parallel scenario when
two phonemes are spoken by the same speaker, recorded and played simultaneously and
at the same time the letter congruent with one of the phonemes is shown. The question
to be answered is: what is the smallest required fraction of the congruent phoneme for
this phoneme to appear as the winner in the auditory processing module? To answer
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this question we present phoneme stimuli of the form

xph = α · phoneme1 + β · phoneme2

with phoneme1 being the test phoneme, α + β = 1, and a step size of 0.05 (5 %). We
are also interested in monitoring the difference the presentation of the congruent letter
yields and whence we carry out this test with two visual conditions; with the letter
stimuli congruent to phoneme1 and without any letter stimuli. The results are shown in
figure 10.

The plot shows the average improvement (in percentage units) in detection threshold
with the congruent letter stimuli as a function of the detection threshold level without the
letter stimuli. These data were collected from twenty different architecture initializations.
Thus, the uninitialized architecture was replicated twenty times and they were each
initialized and tested independently of one another. The variations of improvement due
to the different initializations are indicated by the bars; each bar spans one standard
deviation.
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Figure 10: Results from the simultaneously-presented-phonemes scenario. Plot shows the aver-
age improvement (in percentage units) in detection threshold with the congruent letter stimuli as
a function of the detection threshold level without the letter stimuli. The bars show the magni-
tude of one standard deviation. Data is collected from twenty different architecture organizations
(see text for details).

It should be mentioned that the task of identifying two simultaneously spoken phonemes
without letters seems to be quite difficult for human subjects.

We conducted a test with 12 male subjects, aged 25-40, all without hearing impair-
ment. The subjects had all been informed about the purpose of the test and given their
consent. The test was carried out as follows.

Of our 23 phoneme stimuli we selected a subset of 11 stimuli that had approximately
the same duration and we formed all the possible 50/50 combinations of them (55 in
total) by superposing their waveforms. At the beginning of the test each subject was
presented with each of the 11 phoneme stimuli while being shown the congruent letter.
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Each stimulus was played four times interleaved with one second’s pause. Then, the sub-
ject was presented with half of the stimulus combinations (28/27 split). Each subject was
assigned a sequence number (1 – 12). If the subject’s sequence number was odd the com-
binations presented were selected at random while those with an even sequence number
were presented with the combinations not presented to the subject with the immediately
preceding sequence number. The combinations were played once, in randomized order,
and the subject was given ten seconds to write down what he had heard. All stimuli were
presented binaurally using a pair of head-phones.

In conclusion, the average rate of correctly detecting both phonemes was 41 %
amongst these subjects.

For comparison, we extracted the exact parallel data from our simulations. To this end
we thus examined the response fields in the auditory processing module after presenting
stimuli with equal mixtures of two phonemes. If the two classification areas with the
highest activity coincided with the two stimuli in the mixture we counted the result as
a success and as a failure otherwise. The average success rate from the same twenty
organizations as above was 29 %. This discrepancy may depend on our way of pre-
processing the stimuli. In particular, significant information may be lost due to the
usage of the mel-cepstrum transform which only comprises magnitude, but no phase
information.

3.4 Modelling application 3: Activation of auditory cortex by
visual speech alone

As stated in the introductory section there is activation of parts of auditory cortex during
silent lip reading [18, 52]. In the current section we demonstrate that such an effect of
sensory integration is manifest also in our model, when visual speech consists of letter
reading. Silence in our experiment is modelled by letting the response of each neuron in
the phoneme SOM be random between 0 and 0.1 with an uniform distribution.

In the experiment accounted for here the realization of such a response field yielded
peak activity in the patch classifying ‘a’. The outcome in the auditory and bimodal
processing modules induced by the presentation of the stimulus vector representing char-
acter ‘u’ and this particular response field realization is depicted in figure 11. In the
bimodal processing module the patch representing ‘u’ instantly becomes the most active
one as the influence from the auditory module is too low to make any contribution of
consequence. With the help of feedback the maximum activity in the auditory process-
ing module becomes located within the ‘u’ patch after only one feedback loop. The peak
activity level in the auditory processing is approximately 0.66, significantly lower than
the level of 1 attained when the ACN is presented with the uncorrupted phoneme ‘u’
instead of silence.

Our interpretation of this experiment is that the architecture is able to model yet
another result: The auditory sub-network becomes activated by visual stimulation, but
the activation is lower than that achieved when auditory stimuli are used.
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Figure 11: Induced response plots as a result of the ACN receiving phonetic “silence” and the
letter ‘u’. In the bimodal processing module the “silent” stimulus has no significant effect. The
feedback from the bimodal module becomes the dominant influence on the response field in the
auditory processing module after iteration one. The peak activity in the auditory processing
module is however significantly lower than it would be if the phoneme ‘u’ would be presented.
Figure semantics are the same as in figures 7 and 8.

4 Discussion

The Artificial Cortical Network presented in this paper has been applied to simulate
the integration of letters and phonemes, with results that show the same characteristics
as those obtained from psychology and neuroscience. The architecture is much more
generally useful though. It may be applied to any number and combination of stimulus
modalities and to any depth of the processing hierarchy. It can also accommodate any
number of feedback connections.

In this paper we have studied the processing of noisy but congruent stimuli. It is
obvious that the inputs in the simulations may as well be incongruent and the occurrence
of a McGurk [53] type effect is then to be expected. This is currently being studied.

As mentioned in the introductory section time to detection of an event is reduced if
the event presents itself in two (or more) modalities. Qualitatively it is obvious that if
there is no input in one of the two modalities the activity level in the summed bimodal
processing will be lower than if both modality inputs are present. Due to feedback to the
initially inactive modality there will be a subsequent contribution to the summed bimodal
processing which in turn increases its activity level. The completion of a feedback loop
causes a delay in the increase of the activity level in the summed bimodal processing.
Studying this recursive process quantitatively will reveal if the delay in detecting an
event present in only one modality can be explained by the delay caused by the recursive
process.

The above studies pertain to sensory integration, the Artificial Cortical Network is
not restricted to such studies, however. The model accepts a zero input in one or more
modalities as was shown in the case of letter reading combined with silence. In a network
with several hierarchical levels we may then simulate the situation where there are no
sensory inputs but the network is stimulated at its top-level (presumably through some
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thought process). In such a process, called imagery [54], it is known from brain activity
imaging studies that activity spreads to levels lower in the hierarchy, perhaps even to
the primary sensory cortices [55]. In the Artificial Cortical Network this is made possible
through the feedback paths provided in the architecture.
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Appendix

A Circuitry of the SumSOM modules

This section describes what the SumSOM modules contain and ideas for their usage. The
specific details of how we initialize the different parts of these modules are described in
appendix B.

Figure 12 shows a schematic of a type 1 SumSOM which enables the output of another
module (i.e. SOM or SumSOM), coming in on v1 in and a1 in (as a 2-D coordinate of
a neuron and its activity, respectively), to modulate the postsynaptic activity field of
another SOM, which is here labelled SOM0.
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Figure 12: Outline of SumSOMType1 which enables modulation of SOM0’s response field using
the input, (v1 in, a1 in), coming from another module. M is the number of neurons in SOM0.
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During initialization of this module it is assumed that xSOM0 has finished its organiza-
tion phase and that there is a relation that defines a one-to-one correspondence between
the coordinates of peak activity generated by SOM0’s training data set and the coordi-
nates coming in on v1 in. Initialization consists of letting the layout of the neural lattice
TM1 be identical to that of SOM0 and arranging the weights in TM1 such a way that
the location of the peak activity in its post-synaptic field coincides with that of SOM0

for corresponding inputs. TM1 is thus to be seen as a transformation network.
Upon completion of the respective training and weight assignment phases of SOM0

and TM1, SumSOMType1 essentially fuses its input pairs (xSOM0; (v1 in, a1 in)) together by
transforming and superimposing the induced activity fields of its two neural networks,
treating the result as an integrated response field, and forming the fused output as the
location and intensity of the maximum activity in this combined field. In detail, the
activity fields in SOM0 and TM1, caused by their respective inputs on xSOM0 and v1 in,

are forwarded as ΦSOM0 and Φ1. Each element Φ
(i)
SOM0

of the former field is fed through
the function g which makes changes in the field more prominent by transforming the
results from the scalar products to a linear and normalized measure of angular deviation.
The function is defined as

g(Φ(i), k0) :=
π/2− arccos(Φ(i))

k0(π/2)
. (A.4)

In the latter field function f is applied to each element Φ
(i)
1 = W

(i)
1 · v1 in, where

f (Φ(i),Φ, k1) :=
Φ(i)

k1max(Φ)
(A.5)

and max(Φ) returns the largest value in the field Φ. The resulting field is then element-
wise multiplied with a1 in. After these multiplications we have an activity field in which
the location of peak activity has been reallocated from v1 in to F (v1 in;WTM1 , VTM1),
where F is the function defined in equation (1), while the magnitude of this activity
remains equal to a1 in, i.e. equal to the magnitude of the peak activity in the module
providing v1 in.

k0 and k1 are constants that regulate how much weight should be assigned to each of
the two fields. Setting k0 = k1 = c ∈ R+ results in weightings that yield fair combina-
tions.

The two resulting fields are then superimposed by adding corresponding elements to
each other, after which a function h is applied to each element. h is defined as

h(Φ(i),Φ) :=
Φ(i)

max(Φ, 1)
. (A.6)

h thus acts as a saturating function which makes sure that the maximum activity does
not exceed unity by re-scaling the field if needed. The end result is the field Φfused that
is functionally comparable to those induced within the simpler self-organized modules
containing only a two-dimensional neural lattice, and the same methods of determining
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the maximum activity’s position and the activity intensity can be used, thereby forming
the unit’s output (vout, aout).

The other SumSOM type performs weighted signal fusion of outputs coming from two
modules while giving responses according to a predefined template. This SumSOM type
allows us to model the convergence of signals stemming from different cortical areas. A
schematic is shown in figure 13.
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Figure 13: Outline of SumSOMType2 which fuses together the outputs, (v1 in, a1 in) and
(v2 in, a2 in), of two modules (SOMs or SumSOMs). M is the number of neurons in the neural
lattice template (see section A).

While initializing this module it is assumed that there is a one-to-one correspondence
between pairs of coordinates that are being input on v1 in and v2 in. Additionally, the
setup phase of a type 2 SumSOM also needs an external template lattice that dictates the
resolution of the SumSOM’s response field and supplies a predetermined winner position
for each corresponding pair of coordinates. Initialization begins with letting the neuron
lattices in both TM1 and TM2 be of the exact same type as in the template lattice.
The weights of these networks are then assigned so that corresponding training signals
on v1 in and v2 in yield the same positions of winner neurons in both networks and that
these positions agree with the positions determined by the template.

The operation of a SumSOMType2, after it has been initialized, is similar to that of a
SumSOMType1. Input signals received via (v1 in; v2 in) induces activity fields in the two
transformation maps TM1 and TM2. Before these activity fields are superimposed they
are both transformed through the application of the function f as defined in (A.5) which

is given the arguments (Φ
(i)
1 ,Φ1, k1) and (Φ

(i)
2 ,Φ2, k2) in the two respective cases (where all

variable names are of course local to this module). These altered fields are then element-
wise multiplied with a1 in and a2 in, respectively, after which they are superimposed.
Before the location and magnitude of the peak activity is determined the function h ,
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defined in (A.6), is applied for the same reason as before. The resulting Φfused is thus
the unit’s response field, and the position of the peak activity is output on vout while its
magnitude is output on aout.

B Architecture initialization

Given that there exist different algorithms of self-organization and different ways of
achieving the functional goals put forward in appendix A, the initialization of the pro-
posed modelling architecture can be carried out in several ways. The text in this section
lays out one approach.

As an initial step of initialization the two sensory SOMs, SOMph and SOMlt, are
trained with their respective pre-processed stimuli. The former SOM is thus trained
with the vectors derived from phonemes while the latter is trained with the vectors
derived from pictures of letter symbols (see section 2.3 for the details of these stimuli).

The training algorithm used is a variation of Kohonen’s learning law. In the prac-
tical examples in this paper we work with normalized stimuli located on hyperspheres.
Therefore we use the simple “dot-product” learning law [38] for training in which case
the update of a weight vector wj for the j-th neuron is described by

ŵ = wj(n) + η · Λ ·
(
xT −wj(n)

)
;

wj(n+ 1) = ŵ

‖ŵ‖
(B.7)

where Λ is a neighbourhood function centred at the position of the winning neuron, while
wj(n) and wj(n + 1) are the current and the next weight vectors of the j-th neuron,
respectively.

After training, classification areas are determined using the procedure that follows.
We present each training vector to the organized SOM, tag the neuron of maximal activity
and assign it to the training vector’s known class. We call these neurons “ideal neurons”,
and there thus exists one for each stimulus. We then go through all untagged neurons and
determine to which tagged neuron’s weights its own weights are closest and assign the
untagged neuron to the same class. When the procedure is finished every neuron has been
assigned to a class, and all neurons belonging to the same class make up a classification
area. This procedure is carried out for both SOMs (i.e. SOMph and SOMlt).

SOMbm, the third and the topmost module depicted in figure 1, is then trained with a
transformed version of concatenations of neuron coordinates from the two sensory mod-
ules belonging to congruent classification areas. The transformation consists of remap-
ping the concatenations onto a unit sphere (of dimension five) and is carried out as
follows. All vectors are first rescaled in equal proportion so that the magnitude of the
longest vector that can possibly arise is unity. This rescaling factor is thus 1√

4×
(

1√
2

)2
= 1√

2

as all coordinates are encoded as described by equation (2). Seeing that all vectors must
now be on the unit disc of dimension four function S defined in equation (3) is applied
to them and the desired transformation has whence been carried out.
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The training of this module consists of two phases where it is only trained with con-
catenations of coordinates belonging to congruent ideal neurons initially. When the coarse
organization has formed the training set is augmented to cover all possible concatenations
of coordinates belonging to congruent classification areas. Following the training ideal
neurons are determined by presenting the transformed concatenations of the congruent
ideal neurons from the sensory modules and noting the winner coordinates in SOMbm.
Thereafter classification areas are determined as described in the paragraph above. The
described training approach decreases the risk of obtaining a mapping that yields incor-
rect classifications of congruent coordinates while increasing the chance of having ideal
neurons of this same SOM centred in classification areas.

Our next step is to build the full ACN architecture which we start by letting the
bimodal association area be modelled by a type 2 SumSOM and the auditory processing
area by a SumSOM of type 1. We “place” the trained SOMph inside the auditory module,
let the layout of the neural lattice TM1 in this module be identical to that of SOMph and
assign each neuron in TM1 to the same classification class as its corresponding neuron
in SOMph. SOMbm serves as the template for the topology of the bimodal association
area and is used as such when weights are assigned. Therefore the bimodal processing
module’s transformation maps, TM1 and TM2, are set to have identical layout with
SOMbm, and the neurons in both these maps are assigned to the same classification class
as their corresponding neuron in SOMbm.

This procedure of first organizing the feed-forward network and then completing the
architecture with feedback connections is in agreement with results from developmen-
tal studies of cortex. According to the work of Gogtay and colleagues primary sensory
cortices mature first while the multimodal integrative association areas in superior tem-
poral cortex develop later [56]. It is reasonable to assume that feedback connections from
the latter to the former develop upon the development of the latter. In visual cortex it
has been shown that feed-forward connections develop earlier than feedback connections,
“likely making their establishment dependent on sensory experience” [57].

We now turn to the assignment of weights in the transformation maps within the
different modules. First we assign the weights of TM1 in the bimodal module: We collect
the coordinates yltk of all ideal neurons in SOMlt, where yltk contains the coordinates for
the ideal neuron in response to stimulus k, and set the weights of all neurons of the k-th
classification area in TM1 to S(yltk). This simple algorithm will make the classification
area containing the peak activity in the bimodal module’s TM1 the same as that in SOMlt.
A corollary of this simple procedure is that all neurons belonging to a classification area
in TM1 will have equal activity, and if the classification area containing the peak activity
in the two transformation maps are the same, then TM1 will not yield a change of winner
neuron coordinates.

The weights of the bimodal module’s other transformation map, TM2, are assigned in
the following way. For every neuron of SOMph we determine which classification area k it
belongs to and concatenate its coordinates yph with the congruent ideal neuron’s coordi-
nates from SOMlt (i.e. with yltk). We then apply the function S (defined in equation (3))
to this resulting vector, present the result to SOMbm and note the coordinates ybm of
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the winning neuron in this module. If the weights of the TM2-neuron with coordinates
ybm are unassigned, or if yph contain the coordinates of an ideal neuron, we set these
weights to S(yph). If yph does not contain the coordinates of an ideal neuron and the
TM2-neuron’s weights are already assigned to say w, we overwrite these weights with
S(yph) if

‖yphk − yph‖ > ‖yphk − S−1(w)‖,

where yphk are the coordinates belonging to the ideal neuron for stimulus k and S−1 is
the inverse of S. An earlier assignment of weights of a neuron in classification area k is
thus overwritten if the distance from the area’s ideal neuron yphk to the coordinates yph

is larger than the distance between yphk and the previously assigned coordinates S−1(w).
Moving on to the last transformation map, TM1 of the auditory module, we repeat

the previous steps of presenting the S-transformed concatenation of each neuron’s coor-
dinates of SOMph, yph belonging to classification area k, with its congruent ideal neuron’s
coordinates from SOMlt while noting the coordinate of the winner neuron ybm in SOMbm.
Interwoven with this routine we set the weights of the neuron located at coordinates yph

in TM1 to S(ybm). When all neurons have been assigned weights we go through the
transformation map, visiting each classification area and checking for neurons with iden-
tical weights. As a last step we nullify the weights of all neurons that have a non-unique
weight vector, except for the one’s which is closest to the ideal neuron of the classification
area.

C Model parameters

When training the three modules using the learning law stated in equation (B.7) the
learning rate η is set to decrease exponentially as a function of number of epochs passed
ε,

η(ε) = e
− 9

2

(
ε−1

εtotal−1

)2

where εtotal is the total number of epochs the modules are trained for.
The neighbourhood function Λ also shrinks as the number of epochs increase. If ζ

is the coordinates of the winning neuron then the neighbourhood function’s value at
coordinates y is

Λ(ε, ζ,y) = e−λ(ε)
∑

i (y(i)−ζ(i))
2

where λ(ε) is the function describing the shrinkage,

λ(ε) =
1

2

(
λi − (λi − λf)

(
1
2

(
ε−1

εtotal−1

))δ
)2

with λi = 1, λf = 0 and δ = 1
8
.

The maps within the two sensory modules are trained for 8,000 epochs each. As
explained in appendix B the bimodal map is trained in two phases. The map is trained
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for a total of 50,000 epochs; during epochs 1 – 20,000 it is trained using concatenations
of congruent ideal neuron coordinates only and the training set is then extended to
encompass all concatenations of coordinates belonging to congruent stimuli areas.

The weights k0 (used in function g, eq.( A.4)) and k1 (used in function f , eq. (A.5))
in the auditory processing module are both set to 1.6. The same weight is used in the f
functions of the bimodal module. When applying g to the letter module’s response field
k0 is set to unity.

As mentioned in section 2.2 feedback from the bimodal module is necessarily undefined
when the stimuli are first presented to the ACN. We have chosen to remedy this by
defining the initial response field of TM1 in the auditory processing module to be all
null. We also halve the value k0 in function g which is applied to the response field of
the self-organized module during the first feed-forward sweep. This last step prevents
diminishing the influence of the auditory module on the initial fused response of the
bimodal processing module.
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[21] Möttönen, R., Calvert, G. A., Jääskeläinen, I., Matthews, P. M., Thesen, T., Tuomi-
nen, J., and Sams, M. (2005) Perceiving identical sounds as speech or non-speech
modulates activity in the left posterior superior temporal sulcus. NeuroImage, 19.

[22] Frost, R., Repp, B., and Katz, L. (1988) Can speech perception be influenced by
simultaneous presentation of print? J. Mem. Lang., 27, 741–755.



References 69

[23] Dijkstra, T., Frauenfelder, U. H., and Schreuder, R. (2004) Bidirectional grapheme-
phoneme activation in a bimodal detection task. J. Physiology Paris , 98, 191–205.

[24] Calvert, G., Campbell, R., and Brammer, M. (2000) Evidence from functional mag-
netic resonance imaging of crossmodal binding in the human heteromodal cortex.
Current Biology , 10, 649–657.

[25] van Atteveldt, N., Formisano, E., Goebel, R., and Blomert, L. (2004) Integration of
letters and speech sounds in the human brain. Neuron, 43, 271–282.

[26] Gauthier, I., Tarr, M. J., Moylan, J., Skudlarski, P., Gore, J. C., and Anderson,
A. W. (2000) The fusiform “face area” is part of a network that processes faces at
the individual level. J. Cognitive Neuroscience, 12, 495–504.

[27] Polk, T. A. and Farah, M. J. (1998) The neural development and organization of
letter recognition: Evidence from functional neuroimaging, computational modeling,
and behavioral studies. PNAS , 98, 847–852.

[28] Polk, T. A., Stallcup, M., Aguire, G. K., Alsop, D. C., D’Esposito, M., Detre, J. A.,
and Farah, M. J. (2002) Neural specialization for letter recognition. J. Cognitive
Neuroscience, 14, 145–159.

[29] Raij, T., Uutela, K., and Hari, R. (2000) Audiovisual integration of letters in the
human brain. Neuron, 28, 617–625.

[30] van Atteveldt, N. M., Formisano, E., Blomert, L., and Goebel, R. (2007) The effect
of temporal asynchrony on the multisensory integration of letters and speech sounds.
Cerebral Cortex , 17, 962–974.

[31] Blau, V., van Atteveldt, N., Formisano, E., Goebel, R., and Blomert, L. (2008) Task-
irrelevant visual letters interact with the processing of speech sounds in heteromodal
and unimodal cortex. European Journal of Neuroscience, 28, 550–509.

[32] Froyen, D., van Atteveldt, N., Bonte, m., and Blomert, L. (2008) Cross-modal en-
hancement of the mmn to speech-sounds indicates early and automatic integration
of letters and speech-sounds. Neuroscience Letters , 430, 23–28.
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To be submitted.

73



74



A Biologically Inspired Artificial Neural Network

Architecture For Studying Binocular Rivalry

Tamas Jantvik, Lennart Gustafsson, Jakob Hohwy & Andrew P. Papliński

1 Introduction

When different stimuli are shown to the two eyes the subjective experience alternates
between them. If, for example, an image of a house is shown to one eye and an imagee
of a face to the other, then perception alternates between them every couple of seconds.
This striking effect, known as binocular rivalry, has been known at least since the days
of Giambattista della Porta, who in 1593 described perceptual alternations between two
book pages with a septum between them, when the two pages were viewed by different
eyes (cited by Wade [1]). It has from that time been investigated in numerous psyhophys-
ical and, more recently, in neuroimaging studies [2, 3]. Though there are many empirical
findings on rivalry indeed, the mechanisms that are responsible for it is not yet fully
known.

There are various reasons why binocular rivalry remains an important area of study.
First, the effect is so entrenched that, if we could understand why a binocular visual
system like ours exhibit it, then we could learn something fundamental about how our
brain performs visual processing of the world. Second, general artificial models of visual
processing can use the many distinct psychophysical findings about rivalry as tests for
biological plausibility. Finally, binocular rivalry offers a paradigmatic design for studies
of the neural correlates of consciousness, since the stimuli remain constant while the
conscious percept changes. Uncovering the mechanisms behind rivalry would facilitate
the explorations of the neural correlates of consciousness.

For many years the central question in rivalry research has been whether it is pri-
marily the result of a low level process involving reciprocal inhibition among monocular
neurons of the early visual system, or whether it is primarily the result of pattern com-
petition at higher cortical levels, after binocular convergence. There is now apparently
a move towards a consensus that both high and low level processes are involved in this
phenomenon [4, 5]. Though it is clear to many that such a multilevel or interactionist
view must be correct, there are relatively few general theoretical or computational ap-
proaches to vision that offer an explanation of how such interaction among levels can
produce rivalry.

Viewed as an epistemological problem, dichoptic viewing presents a problem of sensory
integration. Whereas having apparently incompatible stimuli is an unusual situation for
the visual system it is relatively common across sensory modalities. For example, you
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might see something that you cannot discern by audition (e.g., seeing a letter and hearing
a noisy phoneme). The brain can resolve these kinds of problems in other cases (e.g.,
deciding that the noisy phoneme sounds like an ‘e’). This leads to the idea that dichoptic
viewing is best conceived as a task of sensory integration that the brain is essentially
well-equipped to perform. The visual system is presented with incompatible stimuli: two
different objects (e.g., an ‘m’ and a ‘v’, or a face and a house) seem to occupy the same
spatio-temporal location. In a rather amazing feat, the brain makes what looks like the
best inference in the circumstances: after a short period of uncertainty it concludes that
both objects are present but not at the same time. Seen in this perspective, models of
cognition that generally deal well with sensory integration should be well placed to explain
binocular rivalry. To apply specifically to dichoptic viewing, such a model primarily needs
to embody the constraint that different objects cannot occupy the same location in space
and time.

Here, a general computational architechture is exposed to incompatible input in an
analogue of dichoptic viewing in which different letters are viewed as incompatible stimuli
that cannot co-occur. Charles Wheatstone [6], the inventor of the stereoscope, carried
out this phychophysical experiment on human subjects in 1838. In that experiment he
used his invention to present to his subjects the capital letter ‘A’ to one eye and the
capital letter ‘S’ to the other, and noted that the subjects reported an alternation of
what they perceive.

More modern experiments have indicated that the identification of letters takes place
in the inferior occipital-temporal cortex [7], and that in this region most neurons, as
measured with single cell recordings, are affected by changes of perception caused by
binocular rivalry [8]. Our neural network model therefore specifically models visual per-
ceptual reversals in extrastriate cortex in contrast to the studies that treat binocular
rivalry in the earliest cortical stage, V1 [9, 3, 4, 10, 5]. With the architecture being based
on a hierarchy with feedback of lattices containing simple artificial neurons, the purpose
of it is thus to model a cortical area in which competition between populations of neurons
that should not be co-active occurs. There is however no direct mapping between this
architecture and the visual system, and yet its perceptual reversals exhibit the classic
psychophysical characteristics of binocular rivalry described below.

Based on a series of psychophysical experiments Levelt put forth four propositions
on the dynamics of binocular rivalry in his monograph [11]. These propositions, which
regard the relation between the strength of the stimuli presented to the eyes and the
time course of perceptual alternations, form an important set of contraints for binocular
rivalry models. By “strength” Levelt meant stimulus parameters such as contrast and
the sharpness of colours. The four propositions state that:

1. Increasing the stimulus strength in one eye will increase the predominance of that
stimulus;

2. Increasing the stimulus strength in one eye will not affect the average duration of
dominance in that eye;

3. Increasing the stimulus strength in one eye will increase the rivalry alternation rate;



2. Methods 77

4. Increasing the stimulus strength in both eyes will increase the rivalry alternation
rate.

However, experiments carried out since the publication of Levelt’s work have shown
that his second proposition need to be relaxed. The rigorous experiments of Mueller
and Blake [12] carried out twenty four years after the appearence of Levelt’s monograph
showed that the average dominance period of the varying stimulus presented is in fact
affected, it increases sligtly. Later experiments [13] also confirmed these findings and the
emerging modelling constraint articulated that when increasing the stimulus strength to
one eye the main effect should be a decrease of the dominance period of the stimulus pre-
sented contralateral eye. But the dominance period of the stimulus presented ipsilateral
eye ought to show a small but significant increase.

Quite recently, Brascamp and collegues [14] indicated that this newer constraint is
only valid if the stimulus strength of the fixed stimulus is larger than the variable stimulus.
This was the scenario that Levelt presented in his thesis work. In the reversed scenario
the emerging behaviour is quite different. That is, if the stimulus strength of the fixed
stimulus is kept at a minimum level instead of a maximum while varying the strength of
the other stimulus, it is no longer true that it is the dominance period of the fixed stimulus
changes most. Instead, the dominance period of both stimuli change considerably, and
the period of the variable stimulus even increases slightly more than the dominance period
of the fixed stimulus decreases.

An additional important modelling constraint is that of the dominance period dis-
tribution when the stimuli strengths are equal and held constant over a longer period
of time. A report of this distribution of dominance intervals is also to be found in
Levelt’s monograph. According to his work the durations are random while obeying a
gamma probability distribution. Later studies have confirmed the gist of his findings on
both human and primate subjects; dominance times seem to be stochastic as opposed
to chaotic [15] and there seems to be a consensus that their distributions are indeed
unimodal and asymmetric, with fast growth and a long tail, which are often modelled as
a gamma distribution [16, 17, 13, 8, 18] (but not always [15, 19]).

2 Methods

2.1 Architecture

The model consists of the artificial neural network architecture which is depicted in
figure 1. The architecture is built of five interconnected lattices containing artifical
neurons where the configuration of the layout of neurons in the lattices is identical.

The blocks captioned SOML and SOMR make up the input layer of this architecture.
These two blocks symbolize the replicated set of an artificial neural lattice that has been
self-organized using a variant of Kohonen’s algorithm. The variant used is the simple
“dot-product” learning law [20]. This is suitable as the practical examples in this paper
work with normalized stimuli located on a hypersphere (see section 2.2). In this case the
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Figure 1: Neural lattice model of binocular rivalry.

update of a weight vector wij for the neuron located at (i, j) is described by

ŵ = wij(n) + η · Λ ·
(
xT −wij(n)

)
;

wij(n+ 1) = ŵ

‖ŵ‖
(1)

where Λ is a neighbourhood function centred at the position of the winning neuron, while
wij(n) and wij(n+1) are the current and the next weight vectors of the neuron at (i, j),
respectively.

It is well known that Kohonen’s self-organizing algorithm yields lattices with topo-
logically ordered weight vectors. After training the template lattice areas of classification
can be determined as follows. Each training vector is presented to the organized lattice,
and the neuron of maximal activity is tagged and labelled with the training vector’s
known class. Then each untagged neuron is examined and it is determined to which
tagged neuron’s weight vector its own weight vector is closest, in eucledian norm, and
the untagged neuron is assigned to the same class. When the procedure is finished every
neuron has been assigned to a class, and all neurons belonging to the same class make
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up a classification area or a patch.
After initializing the template lattice as described above two replicas of it are made,

and simulation of the architecture starts by presenting input vectors xk, where k ∈
{L,R}, to these lattices. The input vectors presented induce postsynaptic activity φkij

at each neuron position (i, j) as described by

φkij = wkij · xi (2)

where wkij is the weight vector of the neuron located at (i, j) and the end result are thus
two fields of activities Φk.

In each lattice, the patch of maximum activity is made to inhibit the activity of all
other patches. This step is carried out in the P–WTA module which then models lateral
inhibition, a commonly employed mechanism in models of binocular rivalry. In the way
used here it can conceivably be implemented by large basket cells with an axonal field
extending up to 2 mm [21]. The module thus performs the following simple procedure. It
finds the classification area containing the peak activity and sets the activity of all other
classification areas in the field to zero. The activity of each neuron in the remaining
patch is then set equal to the peak activity of the patch and the fields are so forwarded
to the next layer of lattices.

These lattices are located directly above those receiving input with threshold non-
linearities defined as

[ξ]+ =

{
0 if ξ < 0
ξ if ξ >= 0

, (3)

model fusion between feed-forward and feedback signals. Here, each neuron is only a
linear unit that sums their inputs and halves the result, with the inputs to each unit
being the activity rates that come from the layers below and above.

After thresholding the two activity fields are then added together at the topmost
neural lattice. Also this lattice consists of linear units that first sum their inputs and
then divides the result by two.

Neural noise is modelled in the noise block, where the activity in each classification
area is multiplied with a uniformly distributed random variable ν with parameters 1− η
and 1 + η, which thus has unit mean and sample space [1− η, 1 + η].

Within the competition block the two areas compete for dominance; the patch con-
taining the peak activity completely inhibits the other patch so that only one patch with
activity remains.

Processes of neural fatigue is modelled in the fatigue block. Here, the activity of
the active patch is multiplied with an exponential function that depends on the current
peak activity of the patch and the count of consecutive iterations the patch has won
competition. Consequently, the fatigue function is of the form

ϕ(a, n) = ef(a,n), (4)

with the natural constraint of 0 ≤ ϕ(a, n) ≤ 1 where thus a is the activity and n is
the count of consecutive competitions won. In our mind, a patch that has just become
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active should not be subject to fatigue, which means that it seems reasonable to have
ϕ(a, 0) = 1. But as iterations pass the activity of the active patch should diminish, and
thus we ought to also have ϕ(a,N) � 1 when N is large.

The feedback paths tie up the loop. The blocks on these paths manipulate the activity
field fed back to make the dominating patch at the topmost level influence the active
patches at the level below. This is carried out as follows. The activity of the dominating
patch is set to aDγe, where aD is the original peak activity of this patch, and the activity of
the patch at the suppressed location is set to aDγi. γe and γi are scalar model parameters,
and if γe > 0 and γi < 0 the result of adding these feedback fields to those being fed
forward results in the dominating patch exciting its corresponding patch at the lower
layer while inhibiting the activity at the location of the suppressed patch.

Another source of general inspiration for the development of our architecture came
from the paper Logothetis had published in 1998 [22]. This is why there is a good
agreement between the incorporation of the previously described feedback, with both
excitation and inhibition, and his statement “... the dominance and suppression of a
pattern during rivalry reflects the excitation and inhibition of cell populations in the
higher visual areas, which are directly involved in the representation of visual patterns.”

2.2 Stimuli

The choice of stimuli ought not be important; any type of stimuli than can be represented
by distinguishable vectors in an Euclidian space could be used.

In our particular case the input stimuli to the architecture consist of 22-element
vectors that represent letters. These vectors are obtained from the representation of
letter symbols in the 12-point Times New Roman font. Each black and left-aligned font
symbol is placed on white background and then transformed into a 21× 25 pixel image.
Afterwards, the collection of images is scanned vertically so that each letter is represented
by a 525-element double precision stimulus vector.

In order to reduce the dimensionality of the letter stimuli principal component analysis
(PCA) is employed and the principal component scores of the components spanning the
two dimensions in the dimensionally reduced subspace of least variance are discarded. As
the total number of letter stimuli in this work is being equal to 23, the dimensionality of
the transformed letter stimuli is thus reduced to 21. In the final pre-processing steps the
longest vector in the set of vectors containing the principal component scores is found
and all these vectors are rescaled with the inverse of its length, so that all vectors have
a length shorter than or equal to unity. These rescaled vectors are then projected up on
the unit hypersphere of dimensionality N + 1, where N is the dimension of the original
vectors, by applying the vector valued function

S(x) :=

⎛
⎜⎜⎜⎜⎝

x(1)

...
x(N)√

1−
∑

i (x
(i))

2

⎞
⎟⎟⎟⎟⎠ (5)
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to each vector containing the rescaled principal component scores. The end result is thus
a set of 23 vectors, each containing 22 elements.

There are of course alternative procedures of dimensionality reduction of these letters
that may be argued to be more biologically motivated such as, for instance measuring
the coincidence of their pixel representations with vertical, horizontal and diagonal lines.
The subsequent self-organization of the lattices trained using such data have the same
characteristics as when principal component scores are used (not shown). PCA may thus
used without loss in modelling scenarios such as the one laid out here.

A simple and natural method of modelling a change of stimulus strength in this
architecture is to manipulate the length of the vectors being input to the it. This is so
because both the training vectors and and the weight vectors of the lattices of artificial
neurons at the input layer have equal (unit) length. The result of changing the length of a
stimulus vector before presentation to an input layer lattice is thus a proportionally equal
change of activity in the response field induced. The order of the activity magnitudes
between neurons thus does not change, and neither does the location of peak activity.
Therefore we can safely choose the unit length as maximum stimulus strength and let a
decrease of vector length correspond to a decrease of stimulus strength.
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Figure 2: Example of the layout of patches in the two artificial neural lattices after self-
organization. The layouts are identical by construction.

Figure 2 shows how the result may look like after organization. When a training
vector is presented to one of the lattices its response field is highest from a population
of neurons in a connected area. It is these areas that we call classification areas (see
section 2.1), or simply patches, and the figure shows each of these areas corresponding
to their respective stimuli.

2.3 Basic rivalry dynamics

When simulation commences the feedback signals are necessarily undefined and must thus
be set to an initial value. Assuming that the architecture should start from a “fresh”
state in which ϕ(a, 0) = 1 for all populations and considering our chosen range of input
strength, a reasonable initial state is to set all feedback signals to unity. With this choice
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of initial feedback, activities will always decrease after the initial iteration as there can
be no larger feedback. Although the choice of initial feedback has little consequence since
its effect diminishes after the first iteration the given choice introduces no artifacts so big
that the beginning of the simulation data needs to be disregarded.

Thus, given this initial setting simulation of rivalry starts by presenting incongruent
stimuli to the architecture. The probability of a stimulus’ patch winning the competition
at the topmost level is directly proportional to the stimulus’ strength (i.e. the length
of stimulus vector) in the first iteration, as the feedback is indiscriminate. Assuming
that the stimuli have equal strength both patches thus have an equal probability of
winning. Whichever patch wins will then, through feedback, exert its influence at the
layer below by reducing the activity of the competing patch and enlarging the activity
of its own. Then the second iteration commences, and after these newly formed activity
levels have been combined at the topmost level the two patches compete for dominance
anew, but this time around the dominating patch is more likely to win again since it now
has an advantage. If it does win its activity will be decreased in the fatigue block and
as a consequence of this its feedback effects are also decreased. Consecutive iterations
are similar to the second one. The only changes are due to the fatigue block, where
the activity of the dominating patch is made to asymptotically decrease with its count of
sequential iterations won, and the noise block. Eventually the activity difference between
the dominating and the suppressed patch will be small enough at the level of competition
for the noise to change the outcome. When this happens a reset occurs and the process
restarts with the new patch as the dominating one.
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Figure 3: The development of the activity in the patches of the two rivaling stimuli just before
competition as iterations, and switches, progress.

Figure 3 shows the development of the patch activities corresponding to two stimuli
during rivalry just before competition. Upon inspecting this plot one can see that the
dominating stimulus’ patch gradually loses activity as iterations go by until it becomes
less than the activity corresponding to the suppressed stimulus. At this time a switch
occurs and the process restarts. Figure 4, which is a plot of the difference between the
two stimuli’s corresponding activities, shows perhaps more clearly that a switch occurs
as a consequence of the noise having interchanged the ranking.
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Figure 4: Difference between the activies corresponding to the rivaling stimuli. A switch occurs
as a consequence of the noise having changed the sign of this difference.

2.4 Architecture tuning

The presented architecture has the following four basic parameters:

• Self-excitation γe,

• inhibition of competition γi,

• fatigue function ϕ(a, n) = ef(a,n), and

• noise parameter η.

While tuning the parameters to the specific constraints outlined in the introductory
section is tedious, the architecture does exhibit a switching behaviour for a wide range
of sensible parameters. It may also fulfil some of the modelling contraints adhering
to binocular rivalry when parameters are chosen ad hoc. This observation is indeed
motivating enough to further investigate the parameter space.

After positing that the fatigue function should decay exponentially with activity and
loop iterations, and finding that this assignment yields results that exhibit the right
trends in many aspects the fatigue function was particularized to be

ϕ̂(a, n) = en
ζ×∑4

i=0 αiai (6)

as a step towards being able to formulate the problem as one of ordinary function mini-
mization. The assertion of this exact form of the fatigue function is motivated as follows.
Fatigue in this model has the role of attenuating the feedback influence of the dominat-
ing patch, and this implies that the switching statistics is dependent on the particular
choice of fatigue function. The simple choice of an exponential fall-off as iterations pass
yields acceptable statistics in the case of Levelt IV but yields constant mean dominance
periods, independently of the intensity from the monocular modules, i.e. in the case of
Levelt II. To obtain good results in the latter case the exponential fall-off must also be
made dependent of the activity level of the binocular module.

With the model having only real numbers as parameters it is straightforward to con-
struct a metric function that measures the distance between the architecture’s exhibited
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behaviour and the behaviour we judged as ideal. Our objective is to have the model
reproduce the more recently discovered properties of binocular rivalry. More specifically
we aim to, as closely as possible, reproduce the findings of Brascamp et al. [14] who,
according to our knowledge, were the first to report on the limited validity of Levelt’s
second proposition. In addition we also aim to have the model exhibit gamma distributed
dominance periods when stimuli strengths are kept at an equal and fixed level for a longer
period.

The ideal behaviour is thus based on the experimental results reported by Brascamp
et al. [14], Logothetis et al. [13] and Leopold et al. [17], and is made explicit in the five
constraints presented below. All constraints of average dominance periods are expressed
normalized to the dominance period in the condition when both eyes receive the stimulus
of maximal strength.

1. The dominance period when both stimuli are of maximal strength should be gamma
distributed with shape and scale parameters equal to 5 and 1

5
, respectively [13, 17];

2. The pooled average dominance period of the two stimuli when both stimuli are of
minimal strength should be 1.6 [14];

3. The average dominance period of the stimulus kept at the minimal strength setting
while the other is kept at the maximal strength setting should be 0.7 [14];

4. The average dominance period of the maximal strength stimulus while the other is
kep at the minimal strength setting should be 3.6 [14];

5. The second difference of the development of the average dominance period of the
stimulus with strength fixed at the minimal level while the other stimulus strength
is varied should be -0.05 [14].

Of course, the empirical data are neither this precise nor are they quantitatively
coherent as the count of particular different results are almost as many as the count of
studies. On a qualitative level most results are, however, quite similar, so we have chosen
to take the reasonable course of action of selecting the well performed studies referred to
above as bases to form a cost function of.

Thus, given the constraints given above metric functions for each of these is con-
structed as follows.

1. m1 = 5× 10−5 ×max(|CDFγ(5, 1
5
) − CDFmodel|)

2

2. m2 = 10−2 × (δmin,min,both − 1.6)2

3. m3 = 2.5× 10−3 × (δmax,min,right − 0.7)2

4. m4 = 4× 10−2 × (δmax,min,left − 3.6)2

5. m5 = 10−4 × (ρ− (−0.05))2
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where CDFγ(5,1/5) is the theoretical cumulative distribution function (CDF) of the γ-
distribution with shape parameter 5 and scale parameter 1

5
, while CDFmodel is the em-

perical CDF of the dominance periods from the model. δx,y,z is the normalized mean
dominance period of the stimulus presented to eye z when the stimulus presented to
the left eye has strength x and the stimulus presented to the right eye has strength y.
Finally, ρ is the second difference of the development of the average dominance period of
the stimulus with strength fixed at the minimal level while the other stimulus strength
is varied.

The metrics, which measure the square distances between simulation results and the
desired goals, have been rescaled so that they have reasonable influence on the com-
pounded metric m =

∑5
i=1mi. This compounded univariate metric is what is used as

the function to be minimized. The variables to vary are of course the seven model pa-
rameters described above; γe, γi, η, ζ and αi for i = {0, 1, 2, 3, 4}. These are thus the
parameters that determine the coordinates of the space to be explored.

The exploration is made using the Nelder-Mead simplex method [23, 24]. This nu-
merical method, which is also called the downhill simplex method, is often used for
minimizing an objective function in a many-dimensional space. It uses the concept of
a polotype with N + 1 vertices, where N is the number of dimensions of the space in
which the objective function lies. A limitation of concern here is that the method can
only find locally optimal solutions. As there is no reason to expect that the objective
function of ours have only one minimum, and since it would be too computationally
demanding to explore the entire function space, we deemed that the best we can do
is to run the optimization algorithm for several runs, using different initial points each
time. Indeed, we ended up in different minima, and while none of them yielded m = 0
we did find a parameter setting that did yield acceptable results. These parameter
values are the following: γe = 0.18375; γi = −0.05024; η = 0.16785; ζ = 0.50598;
α0 = 0;α1 = 0.00333;α2 = −0.02703;α3 = 0.09816;α4 = 0.28227, and the results pre-
sented below are all produced by the architecture using these values.

3 Results

3.1 Increasing the stimulus strength of one eye while the other’s
is fixed and maximal

This scenario is what is often referred to as Levelt’s second proposition. The expected
result is that the dominance period of the fixed strength stimulus should decrease signifi-
cantly while the period of the variable strength stimulus should increase only slightly until
the two become approximately in accord as strengths become equal. Figure 5 shows the
results from the presented architechture when simulating this scenario. The simulation
data have been normalized to the dominance duration in the 1/1 stimulus strength condi-
tion for simple comparison with the data reported by Brascamp and colleagues [14]. The
model does reproduce the experimental findings, but over a different range of stimulus
strengths.
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Figure 5: Normalized results from simulation of Levelt’s second proposition scenario. The
results are normalized relative to the dominance duration in the 1/1 stimulus strength condition.

3.2 Increasing the stimulus strength of one eye while the other’s
is fixed and minimal
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Figure 6: Normalized results from simulation of the “flipped” version of Levelt’s second propo-
sition scenario, where the fixed stimulus has a low strength. The results are again normalized
relative to the dominance duration in the 1/1 stimulus strength condition.

The “flip” of the previous scenario, where the fixed stimulus is set to the minimal
strength level, was not tested by Levelt. In this scenario it is no longer true that the
cardinal effect is a decrease of the fixed stimulus’ dominance period. Instead, the effects
should be a significant increase of the dominance period of the fixed stimulus while
the period of the variable stimulus should decrease almost as much [14] (measured in
normalized units). The results of simulating this scenario using our architecture are
shown in figure 6. Again, to facilitate the comparison between our results and the
experimental data we aim to reproduce, the simulation data have been normalized to the
dominance duration in the 1/1 stimulus strength condition.
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3.3 Levelt’s fourth proposition

The last proposition that emanated from Levelt’s work states that when decreasing the
strengths of both eyes’ stimuli the switching frequency decreases. That this behaviour
must be exhibited also by our architecture can be obviously seen by inspecting the pre-
vious figures 5 and 6 where stimuli strengths are equal. Making yet another comparison
between the measurements of Brascamp et al. and our simulation results, which may
be observed in figure 7, the two seem to be in close agreement also in this aspect (cf.
figure 3 in the work of Brascamp et al. [14]). Figure 7 thus shows the resulting effect on
the normalized dominance period in our model when both stimuli strengths are varied
together.
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Figure 7: The effect of changing both eyes’ stimuli strengths on the normalized dominance
period. Normalization is relative to the dobminance duration in the 1/1 stimulus strength con-
dition.

3.4 Probability distribution of dominance durations

When the strengths of the stimuli presented to the two eyes are kept fixed at an equal level
for a longer period the distribution of the dominance periods should be unimodal and
skewed, with a long tail towards lengthier dominance periods. As laid out in section 2.4,
our goal was that simulation of this scenario should show a gamma distribution with
shape parameter 5 and scale parameter 1

5
. Figure 8 depicts the results of this particular

simulation scenario using our architecture, where both stimuli have unit strength. The
dots show the model data while the curves indicate the maximum likelihood (MLE) fits of
a gamma and a log-normal probability distribution to these data. The figure attests that
the gamma distribution is fit very well to the model data and the qualitative agreement
is good indeed. While the quantitative results arrived at here are obviously not in exact
agreement with those reported by Logothetis et al. [13] and Leopold et al. [17], they do
fall well within the range of measurement data on this aspect of binocular rivalry [25, 16,
26, 27, 28] and related [29, 8, 30] settings that yield bistable perception [31, 19].
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Figure 8: The distribution of dominance times in our model at the 1/1 stimulus strength con-
dition together with MLE fits of the log-normal and gamma probability distributions. The fitted
gamma distribibutions have shape and scale parameters of approximately 7 and 1/7, respectively.

4 Conclusion

A computational model of binocular rivalry is presented in this paper. The model success-
fully mimics several important features of binocular rivalry, as reported in psychophysical
and psychological publications, using only one set of parameters.
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