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Summary

This thesis investigated how mechanisms related to contiguity could help explain the link
between biology and cognition through an information signal processing model. It focused on
using recurrent neural associative memories, specifically, a biological and cognitively plausible
Bidirectional Associative Memory framework. The objective was to overcome its current
limitations in learning one-to-many associations and nonlinear relationships. It proposed two
major changes to achieve this: the use of contextual information and a new architecture inspired
by the laminar organization of the brain.

In Chapter 1, contextual units were added to the input layer to change its overall
representation. Results showed that by adding context, it was possible to manipulate the inter- and
intra-group correlation during an association task. Of importance, it enabled the ability to learn
one-to-many associations within the framework. Chapter 2 introduced the multi-feature extraction
bidirectional associative memory, a multilayered model designed to investigate if nonlinear tasks,
such as the N-bit, double moon, and its variants, could be solved within the framework. Results
showcased how this recurrent multi-structure could generate various representations from a single
signal. These were used to solve the nonlinear tasks. Results also showed how a transition from
linear to nonlinear answers could be achieved within the proposed architecture. Finally, Chapter 3
employed two of these models and used contextual information to have them interact to solve
complex cognitive tasks, such as the N-bit and dimension change card sort. Results showed that
by using interacting associations, the joint model could learn rule-like behaviors and solve both
tasks more efficiently and generally.

This thesis showed how the simple mechanism of contiguity could account for complex

cognitive behavior. It showcases how associative memory mechanisms can emulate rule-like
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behavior and surpass the traditional rote association strategy. This avenue holds great promise for
enhancing the generalization ability of artificial neural networks. Of interest is that it also showed
abundant evidence for new accountability of the associative memory mechanism. This paves the
way for a deeper understanding of cognition and how information signal processing, through

mechanisms related to contiguity, can amount to a human’s vast repertoire of cognitive abilities.
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Preface

A passion of mine has always been to question how humans learn and store information.
What | consider especially fascinating regarding this topic is how this is accomplished by billions
of interconnected neurons in the brain. Due to my curiosity, | have been on a journey searching
for answers related to how these networks of neurons, through information signal processing, are
capable of accounting for learning and memory in humans.

Throughout this voyage, | sought answers in biochemistry, neuroscience, and psychology.
In these rich bodies of literature, | found evidence of a link between Hebbian learning (HL) and
the theory of associationism. For more context, let me begin by elaborating on HL. One can
simplify this notion to neurons that fire together wire together. In other words, if neuron A
produces an action potential and neuron B follows the same trend, their connection strengthens,
especially if repeated over time. Consequently, this augmentation makes it easier for A to activate
B in the future. The theory of associationism has a similar coactivation mechanism but at the
cognitive level. When different ideas, thoughts, and concepts, i.e., mental states, are seen or
exposed together, an invisible glue is formed between them, linking them together. This
association is responsible for a mental state evoking its paired state when being recalled from
memory. Like HL, the theory of associationism suggests that this association happens in part due
to repeated exposure. In other words, mental states that are seen together (neurons that fire
together) become associated together (wire together).

At the macro level, this questionable link has been a focus of mine. | have wondered if this
mechanism of coactivation in the information signal processing system of the brain can be seen as
Occam’s razor of human cognition, especially for learning and memory. As some pure vindicators

of associationism would suggest, we are association machines, moldable from the ground up, built
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from this invisible glue. Through my research, | wished to get a little closer to answering this
question: Are associations all we need?

| have opted for a different route from traditional empirical research to investigate this. As
| discovered the field of computational modelling due to Dr. Claude Lamontagne and Dr. Sylvain
Chartier, 1 fell in love with the general idea of this method: abstract the observable phenomenon
into axioms, use them to form theorems, and from there, interpret and explain how empirical
regularities emerge. Applied to the biological neuron results in a simple representation. This
depiction, often referred to as a node, can account for the mechanisms related to receiving synaptic
currents, tallying them up while respecting a threshold function and the synaptic sites’ efficacy.
By combining various nodes, networks of artificial neurons can be built and used to simulate
information signal processing. This enables a particular understanding and explanation of how
networks of neurons can amount to learning and memory in the human brain.

Of importance, artificial neural networks (ANNSs) that simulate Hebbian learning and
associative memory (AM) are scarce but do exist. Often referred to as recurrent neural associative
memory (RNAM), this subclass of ANNs has many mechanisms auspicious for modelling human
cognition through information signal processing. However, many limitations are present in these
models. Specifically, their inability to simulate one-to-many associations (OMAs) and deal with
nonlinear relationships between the associated mental states. Both, further described in this thesis,
are essential hurdles to account for complex cognitive behaviors found in humans. Thus, at the
micro level, the goal of my thesis has been to try to surpass the current drawbacks in hopes of
getting closer to understanding how information signal processing, HL, AM and human cognition
all fit together. Thus, the main contribution of this thesis is a method for dealing with OMAs and

a new RNAM model that can use this method while being impervious to nonlinear relationships.
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The thesis’s final chapters try to show how these novelties can be used to solve complex tasks
more efficiently and cognitively plausible. It ends with my thoughts on how these mechanisms can
inform us about human cognition and the limits related to the means of coactivation.

It is important that I mention that throughout my thesis, | have collaborated with my
brother, Thaddé Rolon-Mérette and my supervisor, Dr Sylvain Chartier. | owe both gratitude for
their different takes and knowledge on the many topics of interest we investigated. In fact, this
thesis is composed of the following articles we published together:

Rolon-Mérette, D., Rolon-Mérette, T., & Chartier, S. (2018, July). Distinguishing Highly
Correlated Patterns using a Context Based Approach in Bidirectional Associative Memory.
In 2018 International Joint Conference on Neural Networks (IJCNN) (pp. 1-8). IEEE.

Rolon-Mérette, D., Rolon-Mérette, T., & Chartier, S. (2019). Learning and Recalling Arbitrary
Lists of Overlapping Exemplars in a Recurrent Artificial Neural Network. In Proceedings of
the International Conference on Cognitive Modelling (pp. 186-191).

Rolon-Mérette, D., Rolon-Mérette, T., & Chartier, S. (2023). A multilayered bidirectional
associative memory model for learning nonlinear tasks. Neural Networks, 167, 244-265.
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Each article has been reformatted to ensure consistency and compliance with the demands of the
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thesis. However, the content has not been altered and remains faithful to its original published
version. For each article, | must highlight that | was the first author. My contributions ranged from
creating the conceptual design of the research itself, performing the literature review, capturing
data, testing the models, writing the scientific report, addressing the comments prior to publication,
and conducting follow-ups. My work can be seen as a continuation of Dr Chartier’s previous
research on the bidirectional hetero-associative memory and the feature extraction bidirectional
associative memory. What I have created is a new model that can overcome its predecessors’
limitations while also being more consistent. It is a natural evolution of the RNAM class of ANNs
and a new opportunity to investigate to what extent the mechanisms related to AM can explain
human cognition.

Finally, as a disclaimer, although my efforts can be linked to the field of artificial
intelligence and machine learning, they distance themselves by trying to respect the biological and
cognitive constraints found in the human brain. As such, it does not try to achieve higher
performances at any task or be at metahuman levels. Instead, it searches to be closer to how humans
function. As such, this body of work is an attempt to model the link between information signal
processing in networks of artificial neurons and human cognition. It is not a means of achieving
an omnipotent artificial intelligent entity.

What follows is the fruit of this effort, as well as my thoughts on information signal

processing, HL, associationism, RNAM, and human cognition.
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General Introduction

The human brain contains over 99 billion neurons, all interconnected in elaborate recurrent
networks [Herculano-Houzel, 2009]. By communicating with each other, these systems of
information signal processing amount to the vast range of behavior found in cognition. Cognitive
properties such as learning from exposure and storing that information in memory, crucial abilities
for the dominance of the species, are all rooted in these recurrent networks. Much effort has been
made to link these biological systems to cognitive properties and vice-versa [Bechtel & Bich, 2021;
Dukas, 2004; Fitch, 2014; Wallace, 2014]. However, this spectrum of biology-cognition is still not
well documented. The challenge comes partly from joining biological and cognitive mechanisms
and explaining their connection. As such, theories on both ends of the spectrum must correlate to
arrive at more robust conclusions.
A Promising Avenue Between Biology and Cognition

An interesting observation can be found in how neurons change their connections' efficacy
and the associative nature of human cognition. Biological neurons tend to follow Hebbian learning
(HL), a local rule that states that neurons that fire together wire together. Proposed by Donald
Hebb in 1949, this learning theory emphasizes how the synaptic efficacy of interconnected neurons
changes based on subsequent coactivation [Hebb, 1949, 2005]. In other words, the strength of
connections is favored when e.g. presynaptic neuron A fires an action potential and its connected
postsynaptic neuron B subsequentially follows the same trend. Consequently, when neuron A fires
in a future instance, the probability of neuron B firing increases, suggesting a stronger connection
forming between them. This type of mechanism holds for populations of neurons and even larger
networks that are interconnected to others. To this day, this learning theory maintains its

dominance, as new discoveries, such as Spike-timing-dependent plasticity (STDP), emphasize
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how synaptic efficacy changes with timed coactivation between pre- and post-synaptic neurons
[Caporale & Dan, 2008]. As such, it is believed that this simple mechanism based on contiguity
would be one of the causes for these systems of information signal processing being able to learn
and store information in memory.

At the cognitive end, associative memory (AM) states that thoughts, ideas, feelings, etc.,
i.e. mental states, that are encountered together associate together. This association results in a
type of social solidarity between mental states, as when one of the associated pairs is evoked, its
partner accompanies it from memory. This allows an individual to jJump from one mental state to
another and accomplish a wide range of conscious and unconscious goals. This theory, emanating
from the school of associationism (see the following papers for an in-depth explanation of the
history and findings of associationism: [Aristotle, 2001; Bain, 1868,1887; Anderson & Bower,
2014; Dacey, 2016, 2020; Hume, 1739, 1978; Locke, 1700, 1974; Mandelbaum, 2015]), has made
it clear that humans can be seen as association machines and that cognition may be built on this
simple principle. Like HL, associations are formed when mental states are coactivated
subsequently. For instance, encountering or repeating “parrot is blue” can lead to “parrot” and
“blue” becoming associated together. Mental states can represent individual items or categories
and be decomposed into subcategories or regrouped into supercategories. Each mental state can
be associated through different types of associations: one-to-one (OOA,; i.e., one mental state
evoking another), many-to-one (MOA,; i.e., different mental states linked to the same one, e.g.
categorization), and one-to-many (OMA, i.e., a single mental state paired to various other ones,
e.g., enumeration). Through these types of associations, humans would be able to use them in
complex manners and display various cognitive properties [Anderson & Bower, 2014; Davachi &

Wagner, 2002; Giovanello et al., 2006; Hockley & Consoli, 1999; Mayes et al., 2007; Puig et al.,
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2014; Yonelinas et al., 1999]. For instance, theories involving spreading activation and
hierarchical structuring of memory [Collins & Loftus, 1975; Collins & Quillian, 1969] are good
examples of this associative mechanism being applied and how it can be seen as a fundamental
process in cognition.

To summarize, at both ends of the spectrum, mechanisms based on contiguity are seen for
HL and AM. It would be of interest to try to link both HL and AM through information signal
processing and explore how these can help fill the gap between the spectrum of biology and
cognition. As AM constitutes a major part of human cognition, and since its role is still
misunderstood [Anderson & Bower, 2014; Dacey, 2020; Mandelbaum, 2015, 2020], a promising
avenue would be to focus on it and determine how mental states can be learned and represented in
networks of interconnected neurons. By restricting this process in following HL, interesting
conclusions can be made at the neurophysiological and cognitive levels. Particularly, it would help
better explain the extent of the mechanisms related to AM in human cognition. As such, links
between network architectures, the flow of information, associative behaviors, cognitive
properties, and their limits can be further documented.
A Modern Way of Portraying Information Signal Processing

A recently growing and popular domain to study information signal processing in the
human brain is computational modelling [Honey et al., 2010], particularly with artificial neural
networks (ANNS). These formal models allow researchers to abstract the mechanism of biological
neurons into axioms and use these mathematical expressions to explain how information signal
processing can amount to cognitive properties [Coombs,1983]. ANNs can be seen as formal
models that try to describe sequences of cognitively relevant events by using activation that

spreads through sequential layers of nodes [Elman et al., 1996; Smolensky, 1988; Yang & Wang,
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2020]. These nodes can be treated as “sub-representational” units of information that can
correspond to a neuron, set or assemblies of neurons, etc. [Somolensky, 1988]. These ANNSs have
shown great explanatory value in a wide range of fields, including artificial intelligence,
neuroscience, and psychology [Gupta, 2013; Kumar & Thakur, 2012; Ritter et al., 2017]. Of
interest, they have been used as a vehicle to draw parallels between neurophysiology and cognition
[Elman et al., 1996; Smolensky, 1988; Yang & Wang, 2020]. These models permit researchers to
infer how networks of neurons and information signal processing can lead to different cognitive
properties, such as AM, in a distributed manner [Alamia et al., 2020; Barak, 2017; Hintzman,
1991; McClelland, 2000a, 200b; O’Reilly & Munakata, 2000; Thomas & McClelland, 2008].
Recurrent Neural Associative Memories

Among the large family of ANNs, a particular subclass, known as recurrent neural
associative memories (RNAMs), has shown promise in studying the relationship between
neurophysiology and cognition through AM [Anderson, 1983; Palm, 2013; Zhang et al., 2021].
RNAMSs have an interesting value for cognition, as they can link the neurodynamic perspective to
AM. They bring a unique point of view of how learned patterns can correspond to attractors in the
brain’s neuronal state space. Consequently, they find themselves in various brain theories
[Knoblauch, 2005]. Contrary to the machine learning (ML) approach [Mahesh, 2020], which
focuses on performance exclusively, RNAMs usually opt for a more cognitively or biologically
plausible approach. This means they will restrict themselves to using mechanisms grounded in the
animal brain rather than applying non-biologically/cognitively plausible engineering tools. This
makes RNAMSs an interesting class of ANNSs that can be used to better understand how HL, AM,

neurophysiology, and cognition all fit together.
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What are Recurrent Neural Associative Memories?

Similarly to ANNs, most RNAM also consist of neuron-like and synapse-like elements
based on the McCulloch-Pitts neuron [McCulloch & Pitts, 1943]. RNAMs distinguish themselves
by using content addressable memory, a type of computer memory that searches for pattern
similarity among its stored content through a process akin to AM. This allows them to retrieve a
corresponding address pattern despite being given a noisy one, which is a feature incorporated in
most memory models in cognition [Kohonen et al., 1977]. Figure 1 sums the properties attributable
to what constitutes a RNAM. RNAMs can usually perform either auto-associations (i.e.,
associating a pattern to itself), hetero-associations (i.e., associating a pattern to another one), or
both. This makes them attractive when explaining various cognitive behaviors through AM (see
Anderson and Bower’s [2014] human associate memory model for details on how associations can
be used to build cognition). As such, one of their many benefits is that they permit to explain how

information signal processing can lead to human cognition through AM.
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Representation Network’s Architecture Internal Dynamics Due to Attractors

Figure 1 Attributable RNAM properties

History of Recurrent Neural Associative Memory
The history of RNAMSs can be traced back to the 60s, following the arrival of the perceptron
[Rosenblatt, 1958]. Early iterations were limited and far from displaying attractor and AM-like

behaviors [Steinbuch, 1961; Willshaw et al., 1969]. These behaviors only began to emerge in the
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70s, with networks being able to perform auto- and hetero-associations [Kohonen, 1972, 1974;
Kohonen et al., 1977; Palm, 1980]. However, learned patterns had to be orthogonal (i.e., not
correlated) for the model to function correctly. A further caveat of these early AM models was that
they lacked the ability to form attractors due to their internal dynamics. This limited their
explicability of human cognition. However, this internal dynamic behavior appeared with the
brain-state-in-box (BSB) [Anderson et al., 1977]. The BSB could perform auto-association by
storing patterns in attractors produced by nonlinear recurrent feedback within its network. This
model was, in fact, what inspired the new subclasses of RNAM.

Interestingly, RNAMSs only became popular a few years later due to the Hopfield network
[Hopfield, 1982]. Of importance, this model showed how stimuli could be learned through a simple
one-shot HL rule and proved its stabilization. However, the model could only display auto-
association, limiting its generalizability to human cognition. A few years later, this limitation was
overcome with the Bidirectional Associative Memory (BAM), which could perform both auto-
association and hetero-association while retaining its neurodynamic perspective [Kosko, 1988].
That being said, the early iteration of the BAM was plagued with low memory capabilities, and its
HL rule would display, at times, exploding weight values during learning. In a parallel effort,
through the Eidos and nonlinear dynamic recurrent associative memory (NDRAM) model [Bégin,
1996; Chartier & Proulx, 2005], the HL rule was slightly modified to incorporate anti-Hebbian.
This addition enabled the creation of the bidirectional heteroassociative memory (BHM) [Chartier
& Boukadoum, 2006a, 2006b], a BAM model capable of learning correlated patterns while
guaranteeing weight convergence. By combining Hebbian and anti-Hebbian, the model’s learning
behavior resembled more what was being observed in the human brain [Bégin & Proulx, 1996;

Foldiak, 1990; Lim, 2021; Murray & Escola, 2017; Storkey & Valabregue, 1999].
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Other AM models using HL (see Brown et al., 1990, for a detailed review of HL rules) also
appeared in the 80s and 90s. Models such as Temporal Associative Memory (TAM), Linear
Associative Memory (LAM), Novelty Filter (NF), Multidirectional Associative Memory
(MAM;:), Morphological Associative Memories (MAM?) [Hagiwara, 1990; Hattori & Hagiwara,
1995, 1998; Margaritis, 1995; Ritter et al., 1998], and this just to name a few, all displayed some
mechanism related to AM. However, to this day, the BAM remains one of the most popular
RNAMs for studying AM while following the neurodynamic perspective. This is because it can
perform auto- and hetero-association in a bidirectional fashion while using simple HL rules. These
properties are essential aspects for generalizing an ANN to human cognition [O'Reilly, 1998]. As
such, the BAM is an ideal framework to follow if one searches to understand better how biology
and cognition can be expressed by an information signal processing system. However, current
BAMs are still far from accounting for the wide range of cognitive and associative behaviors. One
of the main goals of this body of work is to surpass current limitations and improve the BAM’s
framework. By doing so, a better understanding of how systems of information signal processing
can lead to cognition will be possible.

Current Limitations of the Bidirectional Associative Memory

Over the years, numerous studies have enhanced the original BAM by allowing it to
perform various complex tasks and be used for real-world applications. These include functions
related to data compression, image recognition, and classification (see [Acevedo-Mosqueda et al.,
2013] for a more comprehensive review of BAMs). As with ANNSs in general, these advancements
mainly came from two perspectives: those interested in performance exclusively (i.e., the ML
approach) and those searching to build more plausible models of mechanisms found in the animal

brain (i.e., the cognitive or biological approach). Although the ML perspective allowed the BAM
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to be used in the aforementioned applications, it did so at the cost of losing some of its core
properties related to cognitive plausibility: biological realism, distributed representations, error-
driven learning, Hebbian learning, and bidirectional activation propagation [O'Reilly, 1998].

On the flip side, cognitively plausible models that try to follow these principles are often
seen as either too complex [Labib, 1999], requiring highly nonlinear transmission functions [Shen
et al., 2004], using subjective learning procedures [O’Reilly, 1996] or in the BAMs’ case, limited
when it comes to learning OMA and nonlinear relationships [Chartier et al., 2009]. These are quite
cumbersome for the generalizability of the BAM, especially when considering that humans can
associate patterns regardless of the type of association and the nature of their relationship being
linear or nonlinear [Levering et al., 2020; Rosedahl & Ashby, 2022].

The Importance and Challenges of One-to-Many Associations

What to bring on a trip, the ingredients of a delicious recipe, the act of describing a topic,
and recalling the steps to solve an important task, are all examples of day-to-day scenarios that
illustrate the presence of OMA in human behavior. The ability to spring from one mental state to
all its associated ones, as seen when enumerating the items of a category or list of actions to arrive
at an answer, is a crucial building block for cognition. And yet, despite its importance, the BAM
framework struggles to account for such an ability.

To be fair, ANNs are generally also poor at dealing with OMA. Although they can be
considered universal function approximators [Csaji, 2001], they cannot inherently deal with
relations. In other words, they cannot represent all the different observed human cognitive
associated behaviors (see figure 2 for an illustrative example of the different types of associations).
Because of this, different approaches were developed to overcome this problem. The two most

dominant methods are the ones introduced by Elman (1990) and Jordan (1985, 1997). Both use
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the notion of contextual information to transform the OMA into OOA (i.e., transform the relation
into functions) and facilitate learning and recall. However, the form in which the context is

portrayed differs between the two.

One-to-One Many-to-One One-to-Many
Association Association Association
(O0A) (MOA) (OMA)

N/ AN
v .

Figure 2 a) Example of one-to-one, many-to-one and one-to-many associations.

For Elman (1990), contextual information was viewed as a time window represented by
time-delayed units. The content of these units would be integrated into the current input to
accurately predict the following output (Collobert et al., 2011). The understanding of this method
becomes intuitive when considering an example of a time series task containing an OMA. Take
the following two sequences: African-Parrots-Gray and Brazilian-Parrots-Blue. Here, the OMA is
described by the associations Parrots-Gray and Parrots-Blue. In this form, presenting only Parrots
to an ANN will generally result in retrieving an average depiction of all associated stimuli.
However, when presented with Parrots, ElIman proposed to use the prior item of the sequence (or
items, depending on the size of the contextual window) to take on the role of the context. This
introduces a distinguishing element which transforms the OMA into a OOA. Thus, with Brazilian
being in the time window, the answer in the presence of Parrots becomes Blue rather than an
average or Red. Unfortunately, this solution of the time window (or surrounding context) requires

the model to know the size of the window prior to hand. This means it needs access to global
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information, which is not cognitively plausible. Furthermore, it becomes impossible to learn OMA
that are present at the end of identical sequences (e.g., Brazilian - Parrots — Blue and Brazilian -
Parrots — Red), as any window size fails to provide valuable information to distinguish the
sequences.

For Jordan (1985, 1997), contextual information was seen as a label. For instance, items
pertaining to a category would be “tagged” by a context representing their group. This label would
become the distinguishing factor that would aid in dealing with the OMA.. In the case of the
previous example, “Brazilian - Parrots — Blue” and “Brazilian - Parrots — Red,” a context
representing sequence one and another for sequence two would be attached to each element of
their respective sequence. This addition transforms the OMA into a OOA due to the contextual
label being graphed to each stimulus and, in other words, modifying each item. Contrary to
Elman’s time window, this method permits dealing with identical sequences. Despite this
transformation, the original representation can be kept. Furthermore, the solution to the OMA
problem can be developed without any prior knowledge (i.e., no global information is required).
Additionally, this method allows a model to retrieve every element of a specific sequence simply
by presenting the initial label. This makes the method more akin to human behavior, as when faced
with the initial examples (what to bring on a trip, the ingredients of a recipe, etc.), an individual
can enumerate associated items simply by being presented with the question (context).

As it is well documented that context can influence learning and recall in humans by
allowing for better differentiation between similar stimuli [Kushiro et al., 2013; Megill, 2014; Ren
et al., 2013; Wurm & Schubotz, 2017], it would be of interest to incorporate this notion to the

BAM framework. By following Jordan’s methods, OMAs could be learned while avoiding the
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need for global information and being closer to typical human associative behaviors. This addition
would be a plausible and interesting solution to help cognitively driven BAMs deal with OMA.
The Importance and Challenges of Nonlinear Relationships

When considering the relationship between mental states in AM, one can observe their
nature being either linear or nonlinear. This concept is highlighted when considering classification
and categorization tasks [Jacob, 2004]. For example, when collecting wild mushrooms, each
mushroom encountered will have characteristics that allow an individual to determine whether it
is edible (e.g., the color, smell, and size) [Baroni, 2017]. In some instances, a single feature (foul
smell) will be enough to determine that a mushroom is inedible, regardless of all other features
(i.e., linear relationship). However, in most cases, many features must be considered
simultaneously. Dealing with such situations often necessitates the ability to form nonlinear
associations between features and their category. Humans can constantly perform these types of
associations regardless of whether the nature of the relationship is linear or nonlinear. However, it
remains an essential challenge for cognitively plausible BAMs. This is because a standard BAM’s
behavior will always be linear even when encountering nonlinear tasks (e.g., the XOR task). Thus,
in the mushrooms example, such a model will always misidentify them due to its inability to learn
nonlinear relationships between the features and the categories.

Different efforts have gone towards teaching the BAM to learn nonlinear tasks. These
usually consist of modifying the BAM itself (e.g., changing its learning rules, architecture,
transmission function, etc.) or pre-processing the inputs before being presented to the BAM (i.e.,
changing their representations). Of noticeable mention are the methods that use multilayered (i.e.,
deep) architectures with backpropagation and gradient descent prior to the BAM [Adigun &

Kosko, 2019; Kosko, 2021; Liu et al., 2019; Rumelhart et al., 1986; Singh & Saraswat, 2017; Wu



ARE ASSOCIATIONS ALL YOU NEED? 12

et al., 2018]. However, these models are not necessarily concerned with following cognitive
constraints and instead aim to solve tasks optimally [Marcus, 2018]. Furthermore, they often
require different learning or transmission functions within the combined model while also having
to freeze some of its modules during learning [Liu et al., 2019; Wu et al., 2018]. When modifying
the BAM itself, certain conceptual shortcomings arise. For instance, in a recent effort to include
multiple layers within its architecture and use a form of bidirectional backpropagation learning
algorithm [Adigun & Kosko, 2019; Kosko, 2021; Singh & Saraswat, 2017], the method assumes
that information can circulate through the same pre-post connection bidirectionally. Furthermore,
its learning cycle uses an unrealistic flow of information to update its weights during learning,
limiting its biological and cognitive plausibility.
Regardless of which approach above is used, they go against the current understanding of
the human brain:
e Networks of neurons seem to behave similarly throughout the brain [Buckner &
DiNicola, 2019], meaning that the same transmission function should be used for
all nodes, and internal consistency must be sought out.
e No evidence of brain regions stopping their activity from accommodating learning
[Raichle, 2010]. Thus, no weight-freezing schemes must be used.
e Information at the synapse level seems to circulate in one direction, so no
transposition of weight matrices for backward passes can be utilized [Sudhof,
2021].
e No strong evidence that the strength of synapses changes based on the error being
backpropagated through them [Song et al., 2020]. Thus, the backpropagation

learning algorithm cannot be used.
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Despite being able to solve nonlinear tasks consistently, in their current form, these “deep
networks” undermine the plausibility and weaken the legitimacy of these models to be used as a
tool to mimic human cognition.

A different approach can be found in the morphological bidirectional associative memory
[MBAM,; Ritter et al., 1999], gray-scale morphological associative memories [Sussner & Valle,
2006], the alpha-beta bidirectional associative memory [a-p BAM; Acevedo-Mosqueda et al.,
2006], chaotic complex-valued bidirectional associative memory [CCBAM; Yano & Osana,
2009], Lie Algebra-Valued BAM [LieBAM; Popa, 2017], and other variants (see [Acevedo-
Mosqueda et al., 2013 for a chronological history of other relevant BAMs). These models have
been built to deal with nonlinearity and have interesting properties, from the ability to increase
storage capacity [Lee et al., 2015], display chaotic behaviors, to using drastically fewer resources
(artificial nodes) in the process [Sussner & Campiotti, 2020]. However, these models do so by
increasing the complexity, either by changing the nature of the artificial node or using different
algebra types for its computations. As such, they move away from the traditional view of the
McCulloch-Pitts’ neuron and the simple neurodynamic perspective captured by the original BAM.

An important question to be answered is whether only changing the connectivity is
sufficient to learn nonlinear tasks while keeping simple HL and the McCulloch-Pitts” neuron
model. One approach that searched to investigate this can be found in [Chartier & Boukadoum,
20064, 2006b]. This modified version removed the original notion in Koskos” BAM [1988], where
the bidirectional connections between two units had to be symmetric. Instead, it used two distinct
weight matrices to account for the independence of the forward and backward connections. In this
modified BAM, a simple Hebbian and anti-Hebbian learning rule is used. From this model, an

unsupervised version was proposed by replacing one set of connections with its generated
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representation [Chartier et al., 2007; Chartier et al., 2012]. This variation called the Feature
Extraction Bidirectional Associative Memory (FEBAM), has been shown to learn nonlinear
associations if combined with another FEBAM in a head-to-toe fashion (it solved the 2-bit, 3-bit,
4-bit, and 5-bit parity problem). This was evidence that learning these types of associations was
possible by only changing the flow of information. In other words, success is achieved without
undermining the model’s internal consistency while maintaining the modified BAM’s core
properties [Chartier et al., 2012]. However, this method was only applicable if bipolar values
represented the task and, as such, did not generalize well to continuous values. Nevertheless, the
FEBAM can be considered an interesting model, as it has the property to generate patterns
associated with the original inputs in an unsupervised manner but of different dimensionality to
them. Thus, the FEBAM can generate a version of the initial patterns that are either compressed,
expanded, or the same size [Giguére et al., 2007a, 2007b]. In other words, this means that the
FEBAM could be used as a type of homogenous pre-processing network.

In fact, this was explored in a study that combined the FEBAM and the BAM as a
multinetwork model [Tremblay et al., 2013]. Here, the FEBAM was used to generate a higher
dimensionality representation that was joined with the original input to make the task linear. This
FEBAM-BAM implementation proved interesting as it could learn the N-bit parity problem and
other real-valued (continuous) nonlinear tasks (e.g., the double Moons). However, the downside
of this multinetwork model was that its learning was erratic and required an external stopping
mechanism to halt its weight update. Additionally, even with this stopping mechanism, the model
could only find the right solution a fraction of the time. As such, although the FEBAM-BAM

approach had internal consistency, it lacked reliability and the capacity to self-stabilize.
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Still, the combination of FEBAM and BAM may prove to be an interesting avenue in
dealing with nonlinear relationships. By allowing the joint networks to work together and by only
modifying the connectivity of one of them, it was possible to display new behaviors. This multi-
model gets closer to being analogous to information circulating through different brain regions
(neural circuitry) and being transformed along the way [Wang & Cui, 2018]. It could be possible
to expand this transformation by using multiple FEBAMs in a head-to-toe fashion. This could
combine the reliability and strength of deep networks, as well as the plausibility and homogeneity
of the joint FEBAM-BAM model. As such, only changing the connectivity could be an inherent
explanation of how these homogenous systems can display more complex behaviors. Suppose the
BAM is to remain the sought-out framework to model human cognition through the neurodynamic
perspective, then it must also be able to learn linear and nonlinear relationships.

Solving One-to-Many Associations and Nonlinear Relationships

To address the issue of OMA and nonlinear relationship, we propose to use contextual
information and introduce a novel homogenous multi-model, inspired by the brain’s laminar
architecture, to the BAM framework. This effort aims to ensure a more biological and cognitive
plausible approach in maintaining the aforementioned properties: biological realism, distributed
representations, error-driven learning, Hebbian learning, and bidirectional activation propagation
[O'Reilly, 1998]. By overcoming current limitations while respecting imposed constraints, the
BAM framework can be used to document better how information signal processing in the brain,
AM and cognition all fit together. By using context and the new model, a deeper understanding of
learning and memory and the benefits and limitations related to the mechanisms of contiguity can
be expanded upon. Ultimately, this aids in filling the gap between the polar end of the biology and

cognition spectrum.
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Overview of Chapters

The expansion of the BAM framework in regard to solving OMA and nonlinear
relationships and the implications of such solutions are investigated across three chapters:

Chapter 1 introduces the addition of contextual information to overcome OMAS. This
implementation followed Jordan's approach to modifying the learned patterns by concatenating
contextual representations. The implication of such modification was tested by measuring the inter
and intra-correlations between groups of correlated patterns after modification. Additionally, the
ability to deal with OMA was evaluated through a time series task containing multiple overlapping
OMA.

Chapter 2 introduces a novel multi-network BAM to deal with nonlinear tasks. To achieve
this, multiple FEBAMS were joined in a head-to-toe fashion to act as a homogenous pre-processing
unit prior to the BAM. The relationship between architecture (flow of information) and
performances of various nonlinear tasks was investigated through decision zones, learning times
and correct recall. Several additional properties pertaining to consistency, online continuous
learning, and multiclass tasks were also evaluated.

Chapter 3 investigates the advantages of using context and the new multi-network model
to deal with complex tasks. A combination of two multi-network models was used to learn the N-
bit and the Dimension Change Card Sort (DCCS) task while focusing on using more human-like
associative behaviors. The joint model was compared to the traditional ML approach using rote

association through learning time, recall performances and overall behavior.
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Chapter 1

Chapter 1 introduces the addition of contextual information to overcome OMAS in the
BAM framework. This chapter divides itself into two parts. In the first part, the paper titled
Distinguishing Highly Correlated Patterns using a Context Based Approach in Bidirectional
Associative Memory, highlights the effects of modifying input patterns by adding contextual
representations through the Jordan approach. Manipulation of the size and nature of the contextual
representations was performed to understand better the consequences of these elements on learning
and recall performances. In the second part, the publication titled Learning and Recalling Arbitrary
Lists of Overlapping Exemplars in a Recurrent Artificial Neural Network investigated how the
knowledge acquired from the previous paper could be used to learn different overlapping

sequences containing multiple OMAs.
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Abstract
Artificial neural networks can store stimuli of different types. However, if these are highly
correlated, this becomes problematic. Pairs of stimuli that are very similar will have longer
learning times and lower noise tolerance. To remedy this problem, this study proposes to use
context (C) juxtaposed to a pattern before being presented to the network. Thus, by modifying the
correlation of the initial stimuli, a more efficient encoding will be achieved. A two-part experiment
was performed to examine the benefit of incorporating cognitive contexts into different sets of
strongly or weakly correlated patterns in a bidirectional associative memory. Results from the first
experiment showed that in the presence of Cs who reduced the correlation of the initial patterns,
the learning time decreased up to 96%, while the tolerance to noise during recall increased by 50%.
Furthermore, by increasing the relative proportion of the Cs compared to the initial patterns, an
additional 30% noise tolerance for medium noise and 80% noise tolerance for high levels of noise
was achieved. Also, a reduction of 50% in learning time was observed. Therefore, the addition of
contexts can greatly improve the learning of similar patterns in artificial neural networks in

associative memories.

Keywords—DBidirectional associative memory, Learning, Context, Correlated patterns, Top-

down processes.
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I. Introduction

A lot of effort has been put into better understanding the mechanisms of learning and
memory. There seem to be many factors that can influence these mechanisms, thus making it hard
to fully comprehend. Factors such as expertise, attention and emotions have already shown that
they may influence learning and memory [Kushiro et al., 2013; Megill, 2014; Ren et al., 2013].
Past studies have also shown evidence of a connection between these factors and the mechanisms
behind learning and memory, but how they may influence these cognitive properties remains an
open question. This paper investigates the possible properties that these factors may share in
relation to learning and memory. One basic concept of memory is the one of association [Mahani
et al., 2016]. AM consists of storing identical (auto-association) or different patterns (hetero-
association). If the association is successful, then it can be recalled when using partial cues.
Alternatively, in the presence of a novel pattern, the closest one will be given. This is a process
akin to categorization. Categorization can be summarized as grouping similar patterns based on
their proximity in space [Berger et al., 2006]. It is consistent throughout human lifespan and serves
as an efficient way of storing and retrieving information [Gelman & Meyer, 2011].

It is well-documented that context can influence learning and recall [Wurm & Schubotz,
2017]. In environments where context allows for better differentiation between similar stimuli, the
performance of learning and recalling should increase. Thus, it is a promising path to investigate
the effects of context on learning. Furthermore, context is not exclusively external; it can also be
internal. Emotions and other cognitive processes may act as context. When looking at emotions,
there is already evidence linking them to cognitive mechanisms such as attention, decision-making
and learning [Kushiro et al., 2013; Megill, 2014; Ren et al., 2013]. It is clear that there are various

players involved in the mechanisms of learning and memory. Interestingly, it is possible that they
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may all share similarities to the mechanisms found in context. This is plausible since it is known
that the human brain has top-down functions that can modify perceived stimuli and aid in decision-
making [lacoboni, 2008; Kadel et al., 2017].

In cognition, artificial neural networks (ANNSs) are the best candidates to model cognitive
processes. Many models can mimic associative memories [Acevedo-Mosqueda et al., 2013].
Despite their ability to show associative learning, they are faced with a challenge when learning
highly correlated patterns. The higher the correlation between the patterns, the longer it will take
to store them. Moreover, in cognition as well as is ANNSs, highly correlated patterns will also
increase the likelihood to output the incorrect association under noise [Werker et al., 2002;
Yoshida et al., 2009]. This is illustrated in Figure 3, where the results of a preliminary test looking
at correlation value between patterns during an associative learning task shows a decrease in

performances for highly correlated patterns.
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Figure 3. Performance across noise levels for different correlation values.
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A solution to decorrelate input patterns without losing the original representation could
reside in the addition of context. In a situation where irrelevant information towards categorizing
patterns is predominant, learning could be facilitated by adding a distinguishing component and/or
by increasing its relative impact. This could be seen as a general cognitive mechanism relying on
contextual information to distinguish correlated stimuli. Therefore, we introduce arbitrary context
(C) that can modify the relationship between the input patterns without losing the original
representation. This should result in a better recall performance and a shorter learning time. Since
the desire is to decorrelate input patterns without losing the original representation, principal
component analysis and other feature extraction methods are excluded from this approach.

A two-part experiment was conducted using a modified Bidirectional Associative Memory
(BAM) [Chartier & Boukadoum, 2006; Chartier & Boukadoum, 2011; Chartier et al., 2009] with
the goal of decorrelating input patterns without losing the original representation. This paper is
divided in the following fashion: In section Il a brief background of the proposed model will be
presented. In section |11, a first set of simulations investigates the effects of various levels of
correlation for C on highly and lowly correlated patterns. In Section 1V, a second set of simulations
investigates the effect of relative importance (dimensionality) of the context on highly correlated

patterns. Finally, section V ends the paper with a short discussion and conclusion.

I11. Model

A. Model Description
The model used is inspired by Kosko’s BAM [Kosko, 1988]. It can associate inputs and
recall them under various levels of noise. A modified BAM network is used [Chartier &

Boukadoum, 2006; Chartier & Boukadoum, 2011] as it has the particularity of having a unique
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matrix for each layer of units (Figure 4). As with any ANN, this model can be entirely described

by its architecture, transmission and learning functions.

B. Architecture

The architecture is illustrated in Figure 4. The model has two layers of interconnected units
in a bidirectional fashion, where xo; and yo represent the initial patterns, W and V, the weights
for the connection matrices, m and n the number of units in each layer and, x[¢ and y[cj the output

of the network after c iterations.

¥Yia

A A A

X X X X
Hior | Koo | X1 | Bmio)

\%

Yio) | Y20 Y[y

Figure 4. BAM’s architecture.

C. Output Function
The transmission function is defined by equation 1a and equation 1b:

1, if aj[] >1
Equation1a Vi, .., n¥ic+1 = f (i) = —1if aj < -1
(5 + 1)ai[c] - 5a?[c],Else

1, lf bi[c] >1

Equation1b  Vi,..,m,X;c4 1] = f(bi[c]) = —1,if by < -1
(6 + 1)bl[c] - 6bl3[c],Else
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Where n and m are the total number of units in each layer, i is the index unit, ¢ is the general
transmission parameter and a and b are the activations. These activations are obtained the usual

way and are defined by equation 2a and equation 2b:

Equation 2a  ajg = Wx

Equation 2b b[C] = VY[C]
Figure 5 shows the transmission function for 6 = 0.2.
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Figure 5. Transmission function for & = 0.2.

D. Learning Rule

The connection weights are modified following a hebbian/anti-hebbian rule ([Bégin &

Proulx, 1996; Storkey & Valabregue, 1999])
. T
Equation 28 Wiir1) = Wy + 1(¥i0) — ¥ie1) (X(0) + X[c1)

. T
Equation 3b  Vgyq) = Vg + n(Xj0) — X(c1) (Y101 + ¥ic1)

Where X[o; and y[oj are the initial inputs, # is the learning parameter and k is a given learning trial.

Equations 3a and 3b show that the matrix weights will converge only when X0} = X[¢] OF Y[0] = Y[c]-
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It is guaranteed that the learning will converge if the learning parameter (7) is smaller than the

following value defined by equation 4 [Chartier & Boukadoum, 2006]:

1 1
2(1—28)Max[M,N] ’ 0+ 2

Equation4 1n<

I11. Simulation |
To understand how cognitive strategies influence storage of arbitrary patterns, C and
patterns templates were generated with various levels of correlation. An instance from each
template (pattern and C) were juxtaposed together to form a new input. This is repeated for all the
patterns before heteroassocative learning. The network was then tested through recall under

various levels of noise.

A. Methodology

In order to replicate the effects of learning similar and dissimilar patterns, two sets of 16
patterns with high (“H”) and low (“L”) levels of correlation were produced. Each pattern was an
8X8 image flattened into a vector of 64 dimensions. A black pixel was given a value of 1, and a
white pixel a value of -1. In the “H” set, each individual pattern had a correlation value above 0.75
with every other pattern from the set (see Figure 6). In the “L” set, each individual pattern had a

correlation value below 0.25 with every other pattern from the set.

cizizic

Figure 6. Example of 8X8 patterns for the H set.
To create a distinguishing feature and mimic the possible effects of context on learning,

two sets of 16 Cs of dimension 64 were used. The first set contained 16 orthogonal patterns
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(orthogonal C; Figure 7), while the second one contained correlated patterns. Figure 8 illustrates
some examples of the new input composed of the original highly correlated patterns and the
orthogonal contexts. From the manipulation of both the correlation within a set and between a set,
four conditions were extracted. Figure 9 displays all correlation manipulations, and Table 1
describes each condition applied to the highly correlated patterns (“H”) and lowly correlated
patterns (“L”). These conditions were compared to a baseline, one for each set of patterns (“H”
and “L”). These baseline conditions had their dimensionality equal to the new inputs (16X8) and
presented the same correlation as patterns from the “H” set and “L” set. Figures 10, 11, 12 and 13

illustrate both the patterns and input correlation for each of the four conditions on the H set.

Figure 7. Example of 8X8 orthogonal C.

B. Associative Task

Learning was done according to a simple one-to-one associative task where one input
(highly or lowly correlated patterns and C) from a category (category “a’) was associated with
another input from a different category (category “b”). The addition of C impacted on correlation
on two levels: pattern wise and input wise. The patterns correlation (rpaeterns) refers to the
correlation found between all the patterns of a category and themselves. The inputs correlation
(T inputs) refers to the correlation between inputs from category “a” and the associated inputs from

category “b”.
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Figure 8. Example of newly formed input by juxtaposition of the patterns from the H set with

orthogonal C.
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Figure 9. Correlation manipulation for every relationship between category “a” and category “b”.

C. Pairing Condition
Four different pairing conditions were created (see Table 1) and were applied to both “H”

(13 79

and “L” set. Condition 1 has an orthogonal C juxtaposed to the patterns from category and
category “b” (Figure 10). In this condition, every C juxtaposed to the patterns are orthogonal, even
the associated inputs have a different orthogonal C between them, allowing to lower both 75,4¢terns

and Tippurs- Condition 2 controls for the relationship of juxtaposing orthogonal Cs to both

categories, but associated inputs have the same orthogonal C (Figure 11). This lowers the 7,4¢rerns
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while increases the 7;,,,,,,¢s. Condition 3 controls for juxtaposing the same C to all the patterns from
a category while adding a single orthogonal C to all patterns from the other category (Figure 12).
This increases the 7,4¢rerns While lowers the 7;,,,.s. Finally, condition 4 controls for the
juxtaposition of the same C to all the patterns from both categories (Figure 13). This increases both
the 7patterns AN Tinpyes - Table 2 summarizes the effects of C on the 7,4¢rerns aNd the 75,5 TOr

each condition.

Table 1

Correlation value, pairing conditions for the H, L sets and correlation value for each C
relationship.

Pairin
Tpatterns Conditigns r (Ca,b, Ca,b) r (C,,Cp,) Labels
>0.75 1 0 0 H1
>0.75 2 0 1 H2
>0.75 3 1 0 H3
>0.75 4 1 1 H4
<0.25 1 0 0 L1
<0.25 2 0 1 L2
<0.25 3 1 0 L3
<0.25 4 1 1 L4
Table 2

Effect of C on correlation between inputs and associated inputs for pairing condition of H and L
set.

Condition rpatterns rinputs
1 Decreased Decreased
2 Decreased Increased
3 Increased Decreased
4 Increased Increased
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Figure 11. Example of association task for the H set juxtaposed to an C for condition 2.
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Figure 12. Example of association task for the H set juxtaposed to an C for condition 3.
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Figure 13. Example of association task for the H set juxtaposed to an C for condition 4.

D. Procedure
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The transmission function’s parameter () was set to 0.2 and the value for the learning
parameter (1) respected equation 4 for all the simulations. During the learning, the number of
cycles before the weights update was set to ¢ =1. The learning was stopped when the mean squared
error (MSE) was lower than 107°. For the recall task, the pixel flip percentage varied from 0 to
the theoretical limit of 50%.

The learning phase was done following this procedure:
1. Creating a random list containing patterns and Cs following the conditions priory mentioned.
2. Pairing inputs using the list created while following the conditions previously mentioned.
3. Randomly choosing a pair from the list X[o; and yjoj.
4. Calculate xq1; and ypy) by using the transmission function from equation 1a and 1b.
5. Calculate the new connection weights according to equation 2a and 2b
6. Repeat step 3) and 5) until all the pairs are selected.
7. Repeat step 3) to 6) until the desired MSE is reached.
Recall task was done following this procedure:
12. Selection of an input from the learned list.
13. Random pixels flips are introduced to form a noisy input pattern X(g
14. Compute y[q in accordance to the transmission function of equation la and 1b until
convergence.
15. Comparison of the final output with correct one and calculate the performance
16. Repeat steps 2) to 4) for 200 trials.
17. Repeat 1) to 5) for each learned stimulus

18. Repeat 1) to 6) with increasing ratio of random pixel flips (from 0 to 50%).

E. Results
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The learning times for “H” and “L” sets in all four conditions are compared to their
respective baseline and are indicated in epochs (see Table 3). Values below 1 for the comparison
between a condition and the baseline are indicative of faster learning time. In contrast, values
above 1 are interpreted as longer learning time. Results can be regrouped into four Behaviors. The
first is seen for the “H” set in conditions 3 and 4. Learning times were more than doubled. Both
are found to have their 7,405 inCreased after the juxtaposition of the C. The second behavior is
seen for “H1” and “H2”. Learning took 95% less time for both inputs, they had their 7,4¢terns
lowered after the juxtaposition of the C. The third behavior observed regrouped “L3” and “L4”.
Learning times took roughly 90% longer because their 7,4:1e,ns increased after the juxtaposition
of the C. Finally, the fourth behavior regrouped “L1” and “L2”. Both took 50% less time when
they had their 74,105 lowered after the juxtaposition of the C. In other words, in conditions (*3”
and “4”) where the C increased T,qrrerns, 1€arning times were longer compared to baseline
regardless of the pattern set. In contrast, in conditions (17 and *“2”’) where the opposite correlation
effect is seen (v 4¢cerns 1S lowered), learning times were much faster than the baseline. Thus, in
the best scenario, it is possible to lower the learning time for highly correlated patterns by 94%
and by 50% for lowly correlated patterns simply by juxtaposing an orthogonal C.

Table 3

Comparison of learning times in epoch between all conditions and baselines during Simulation 1.

L set H set
Condition Lea_lrnmg Condlt_lon/ Lea_lrnlng Condlt_lon/
time baseline time baseline
Baseline 40 1 585 1
1 20 .50 34 0.058

2 20 .50 34 0.058
3 75 1.88 1321 2.26
4 76 1.90 1338 2.28



ARE ASSOCIATIONS ALL YOU NEED? 33

Results for recall performances in function of different levels of noise for the “H” and “L”
sets under each of the four conditions are illustrated in Figure 14. Noise level is defined as the
percentage of pixels flipped. Results were compared at low (10%), medium (20%) and high (30%)
noise levels. Four types of behaviors are observed. The first regroups “H3” and “H4. They had the
worst recall performance. The second behavior observed regroups “H1” and “H2”. Both showed
a significant increase in performance compared to baseline “H”. It is important to note that they
both shared a decrease in 7,qperns after the juxtaposition of the C. Interestingly, “H1”
outperformed “H2” in a considerable fashion. “H1” differed from “H2” by having its 7ppys
lowered instead of increased by the addition of the C. The third behavior observed regrouped “L3”
and “L4”. They had better performances compared to all H conditions but displayed lower
performances compared to baseline “L”. For both, their 7p4¢¢0rms Was increased by the
juxtaposition of the C. Finally, the fourth behavior regroups “L1” and “L2”. Both displayed the
highest overall performance levels. As for “H1” and “H2”, they had their 7,q¢¢erns lOWered. In
short, adding an orthogonal C that lowers the 7, 4¢erns, as seen in conditions “1” and *“2”, increases

the tolerance to noise degradation. Whereas increasing this correlation with a juxtaposition of

correlated C results in worse performances during recall regardless of the set of patterns.

IV. Simulation 11
Adding an orthogonal C to a highly correlated pattern was shown to be effective in
lowering learning time and increasing recall performances. However, the relative “importance” of
C can also have an impact on learning. In other words, increasing the dimensionality of the C while
keeping the dimensionality of the patterns constant will also reduce the correlation and the memory

load; therefore, it should be beneficial to the network.
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Figure 14. Results of all four conditions for the “H” and “L” with their respective baseline for the

recall test. Performance decrease in function of the noise level.

A. Methodology

The same 16 patterns (8x8 dimension) for the “H” set, previously generated in simulation
I, were used. Condition “1” and condition 4 were used but dimensionality of the C varied. As a
reminder, condition 1 refers to juxtaposing different orthogonal C to the patterns to decrease both
Tpatterns aNd Tinpyes While in condition “4”, all patterns were juxtaposed with the same C to
increase both 7,4¢rerns AN Tippyes. With the pattern size kept constant (dimensionality of 64) and
C size varying, relative importance could be studied by manipulating the ratios of patterns and C.
Those ratios of pattern/C were: 4/1, 2/1, 1/2, 1/4 and 1/8. Figure 15 shows an example of for H1.

Results were compared to a baseline ratio of 1/1 for “H1” and “H4”.
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Figure 15. Examples for H1 with dimensionality kept constant (64) paired with: (a) C of 32, (ratio

2/1), (b) C of 64 (ratio 1/1) and (c) C of 128 (ratio 1/2).

B. Results

Table 4 shows the average learning times in epochs for the baseline and every ratio of
patterns/C for “H1” and “H4”. Values below 1 for the comparison between ratios and baselines
are indicative of faster learning time. In contrast, values above 1 are interpreted as longer learning
time. Results show two types of behaviors. The first regroups all the ratios for H4, such as 4/1 to
1/8. Ratios 4/1 and 2/1 displayed faster learning times compared to baseline (44% faster and 30%
faster, respectively). However, as the C increased in size, the longer it took the model to learn.
Ratios of 1/2, 1/4 and 1/8 displayed longer learning times compared to baseline (ranging from 60%
to 6 times longer). The second behavior is seen for all the ratios of “H1”. In presence of ratios of
4/1 and 2/1, learning times were up to two and a half times longer compared to baseline. Finally,
when the dimensionality of C was higher than the pattern, as seen in ratios 1/2, 1/4 and 1/8, learning

time was twice as fast compared to baseline.
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In sum, results for “H4” showed that as the size of the C increased, the longer it took the
model to complete the learning task. In contrast, for “H1”, as the size of the C increased, the model
was able to learn faster. Thus, in the best-case scenario, adding an orthogonal C in presence of
highly correlated patterns can decrease learning times by 94% compared to the baseline H. In
addition, by increasing its size, the learning can be accomplished 97% faster than the baseline H.
Table 4

Comparison of learning times in epochs between baseline 1/1 ratio and every other ratio for H1
and H4.

H1 H4
Ratio Learning time Ratio/ Learning time Ratio/
Pattern/C (epochs) baseline (epochs) baseline
Baseline (1/1) 34 1 1338 1
4/1 86 2.53 745 0.56
2/1 51 1.59 934 0.70
1/2 24 0.71 2146 1.60
1/4 19 0.56 4022 3.01
1/8 17 0.50 8340 6.23

Figure 16 shows the performance in function of noise during recall. Without surprise, the
performance decreases as the level of noise increases for all the ratios of “H1” and “H4”.
Moreover, from the results, three types of behaviors are observed. The first behavior regroups all
“H4” inputs regardless of their dimensionality. Their performances were the lowest and highly
similar to the baseline. It is important to remember that the C in “H4” increased both 7,4¢¢erns and
Tinputs- 1he second behavior regroups “H1” and ratio of 4/1 and 2/1. Their performances were also
similar to baseline. Finally, the last behavior is seen for condition H1 and ratios of 1/2, 1/4 and
1/8. All three significantly outperformed the baseline. As we increased the dimensionality of the
C, the performance improved. Thus, regardless of the ratio between patterns and C, a highly
correlated pattern juxtaposed with a C that lowers both 7,4¢terns @aNd Tinpyes Will be more noise

tolerant. Also, if the importance/size of the orthogonal C increases, this will result in even greater



ARE ASSOCIATIONS ALL YOU NEED? 37

noise tolerance. In counterpart, if the C increased both 7,4¢rerns aNd Tinpyes, NOISE tolerance will

be degraded.
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Figure 16. Results of condition H1, represented in dashed lines, and H4, represented in dotted
lines, for ratio of pattern and C of 4/1, 2/1, 1/1, 1/2, 1/4 and 1/8. H1 baseline is represented as the

black line and H4 baseline is represented as the gray line.

V. Discussion
The results showed an interesting effect of an arbitrary context in regard to learning times
of similar and dissimilar pairs of patterns. The results have shown that the learning time can be
reduced and noise tolerance increased if orthogonal Cs are added to the patterns. The results also
showed that by adding a component to help differentiate the patterns, learning times can be reduced
by 94%. Results for recall performances were also greatly improved in the case of highly correlated

patterns. When comparing highly correlated patterns to the baseline “H”, the addition of a
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condition 1 C of equal proportion to the patterns increases the noise tolerance by 50% for low and
medium noise and by 10% for high noise. Subsequently, by increasing the relative proportion of
the Cs compared to the initial stimuli, learning times and recall performances can be further
improved. With a ratio where Cs are eight times bigger in dimension than the stimuli, an additional
reduction of 50% of the learning time can be achieved. Also, the noise tolerance increases by an
additional 30% for medium noise and 80% for high noise compared to the previous results. It is
possible to outperform lowly correlated patterns even if the learning set of patterns is highly
correlated. Augmenting the ratio in favor of the orthogonal C in condition 1 allowed to lower both
Tpatterns ANd Tinpyrs Significantly, resulting in better recall performances. This opens the
possibility of manipulating the distance between patterns by increasing the size of an orthogonal
C prior to learning to aid the network in distinguishing correlated patterns. This can be analogous
to the level of resources allocated to a given aspect of a stimulus. When trying to discriminate
similar stimuli, if attention is oriented on the distinguishing features of the stimuli rather than the
similar features, the capacity of distinguishing them is facilitated, thus making it easier to learn
and categorize [Hammer et al., 2008]. In short, the most relevant information comes from the
distinguishing trait that can separate the patterns. Therefore, prior knowledge towards finding the
distinguishing feature in a stimulus could allow the modification of the correlation of that stimuli
and facilitate learning.

Interestingly, as shown by the conditions where both 7;,4¢terns N 7ppyes are increased,
dimensionality had no effect on performances. In addition, when increasing dimensionality,
memory load is decreased, which further improves performance. However, bigger dimensions in
both layers increase the number of nodes as well, thus increasing the real-time length of learning.

In terms of correlation, when looking at the correlation between the newly formed inputs,
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performances are optimal for lowly correlated inputs. As the correlation increases, performance
diminishes. It would be interesting to investigate the relationship between correlation and
performances more in-depth in order to extract an optimal value.

The method presented requires prebuilt orthogonal C. This arbitrary representation was
necessary in order to establish the optimal conditions. However, in a more natural setting, the
network should be able to generate the context by itself. Therefore, the network would be able to
modify the presented stimuli in order to facilitate its own learning in various situations. This could
lead to more general-purpose applications, where the membership of a given pattern could differ
in function of the task. It would also reflect how contexts can be seen as an independent mechanism
in the brain and how it can be influenced both externally and internally. That being said, if the goal
is shifted from discriminability towards grouping for a classification problem, then it would be
interesting to investigate the advantage of modifying the stimuli to increase the 7,4¢¢erns. AS
previously mentioned, highly correlated patterns are closer in space compared to their
counterparts. Therefore, in the presence of unsupervised feature extraction tasks, a higher
correlation between the patterns that belong to the same category would be beneficial. This would
allow the network to regroup completely different inputs together to form a new category.
Investigating such approach is crucial towards the development of general-purpose intelligence
while also helping better understand the mechanism behind distinguishing or grouping stimuli.
Finally, the method presented was based on the assumption that the initial patterns must be kept
intact throughout the simulations. If this constraint is not required, then decorrelation methods
could be used such as feature extraction, principal component analysis or pseudo-

orthogonalization [Chartier et al., 2009; Minemoto et al., 2017; Chartier et al., 2007].
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The goal of this paper was to introduce a new mechanism capable of better understanding
how context affects learning and memory when in presence of correlated stimuli while keeping
the original patterns intact. Results from incorporating a context showed that learning times can
be lowered, and noise tolerance can be increased without any modification to the model. This is a

promising path for ANNSs to deal with highly correlated stimuli.
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Learning and Recalling Arbitrary Lists of Overlapping Exemplars in a Recurrent

Artificial Neural Network
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Abstract
The mechanisms behind the ability to retrieve all exemplars in a class when presented a specific
contextual cue, have puzzled the world of cognition. Various approaches have been used to better
understand this concept, especially in the field of artificial neural networks. That being said, very
few models can enumerate all exemplars associated to multiple lists in a cognitively plausible way.
This is mostly due to the problem of multiple One-to-Many Associations (OMA)s where various
exemplars can belong to different lists. To resolve this issue, different approaches have been used,;
from deep learning and natural language processing to time delayed contextual units. However,
none of them is satisfying for a biologically based computational model of cognition. A promising
solution is using the class label as context and associates it with each exemplar of the
corresponding class. This allows each input to be unique and the problem becomes a standard
association one. This strategy has been implemented within the neurodynamic perspective using a
bidirectional associative memory. The simulations consisted of learning three arbitrary sequences
of various lengths containing multiple intertwined exemplars. Results showed that it was possible
to enumerate all associated exemplars from a class simply by presenting the corresponding
contextual label. These findings are an important step towards developing cognitively plausible
neural implementation of multi-step patterns as well as semantic networks in order to develop

generalized artificial intelligence.

Keywords— Cogpnition; Class enumeration; One-to-many associations; Learning; Memory;

Bidirectional associative memory; Feature extraction bidirectional associative memory
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Introduction

When presented with a class label, the brain has no difficulty in enumerating all associated
exemplar. This cognitive ability is remarkable since learned exemplars are rarely exclusive to a
single class; they can have multiple associations (also referred as One-to-Many Associations;
OMA:Ss). A simple example to illustrate this would be to enumerate all actions (exemplars) needed
to score in a specific sport. In soccer a sequence may resemble, kick off, pass, dribble, run, and
kick; while in hockey: face off, pass, dribble, skate and slap; and finally, in basketball: jump ball,
pass, dribble, run and throw. Depending on the class of the sport (soccer, hockey or basketball),
different exemplars (kick, slap and throw) and identical ones can be found (pass, dribble). Thus,
in such a case, when enumerating exemplars from a class, it is easily seen that these exemplars can
be associated to a single or multiple classes (OMA). Furthermore, when enumerating a list, it may
always follow a specific sequence (e.g., opening a door) or, in the case of semantic memory, may

not (e.g., free association task [Nelson et al., 2004]).

Many formal models in cognitive sciences have been proposed over the years that can
accomplish this listing task. Models, such as the Semantic memory models, are known to predict
human performances accurately [Jones et al., 2015] but remain limited for neural implementation.
ANNSs have also been used to perform this listing task with most using the multi-layer Perceptron
approach [Collobert et al., 2011; Elman, 1990; Jordan, 1997; Neville, 2008]. Although these are
all interesting models, they are limited in meeting the requirements to be considered biologically
based computational models of cognition [O’Reilly, 1998]. One such class of models that fills
these requirements are the Recurrent Associative Memories (RAMSs) that belong to the
neurodynamic approach [Haykin, 2009]. AM consists of learning and storing pairs of identical

(auto-association) or different (hetero-association) exemplars. This has been popularized by
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Hopfield (1982) for auto-association and generalized to Bidirectional Associative Memory (BAM)
by Kosko (1988) for hetero-association. Since then, BAMSs have seen many modifications allowing
them to perform various tasks with better performances; see Acevedo-Mosqueda and colleagues
(2013) for a review. Previous studies have shown that RAMs are able to enumerate simple
independent lists of exemplars [Chartier & Boukadoum, 2006]. However, in the presence of
overlapping list of exemplars, like the initial example, they are not able to accomplish the task.
This is due to the fact that they must deal with several OMAs. In other words, they are dealing
with a relationship instead of a function.

An early solution to solve OMA following findings in cognition [Clarke, 2017; Spillers &
Unsworth, 2011; Stoet & Snyder, 2007] was the use of time delayed (context) units [Elman, 1990].
This method integrated previous output(s) with the current input in order to accurately predict the
next exemplar in the list [Collobert et al. 2011]. Therefore, the OMA was transformed into a OOA.
Unfortunately, this solution of delay units (or surrounding context) requires the global knowledge
of the number of contextual units prior to learning. Furthermore, it does not really help towards
the original task itself; time delayed units (context) are not representative of the class but only of
the previous exemplars. A more interesting solution in ML was introduced by Jordan (1997),
which used context as a label to modify each exemplar for the enumeration of a given class.
Therefore, this contextual label also modifies each exemplar to make them unique without any
prior global knowledge.

A second problem may also arise in RAMs if the OMASs are overlapping. In this case there
is the possibility that the task becomes a nonlinearly separable one. Unfortunately, standard BAMs
are not able to solve this unless the model is complex with a wide range of arbitrary parameters,

thus losing its simplistic nature. However, recent studies have shown that an unsupervised version
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of the BAM can be used to increase the dimensionality of the inputs, and therefore, a linear solution
can be found when combined with the BAM [Tremblay et al., 2013]. Following recent progress in
using contextual labels [Rolon-Mérette et al., 2018a], it is thus proposed that the class label be
used to make each exemplar unique using a combination of supervised and unsupervised BAMs.
This will increase the BAM’s versatility and help in learning any number of overlapping OMAs
of any length, where exemplars can have any level of correlation and where a nonlinear solution
is required.

The remainder of the paper is divided as follows: The next section gives a brief background
of the BAM used in the study. This is then followed by Simulation I, where context is used to show
the feasibility of enumerating exemplars from a class and the limits when facing overlapping
OMAs; Simulation Il is then presented with a brief background of the unsupervised BAM and how
its interaction with the BAM allows the network to perform the desired task; Finally, a short

discussion ends this paper.

Bidirectional associative memory
Model Description
The model is a modified version of the BAM. Like any neural network, it is defined by an

architecture, transmission and learning functions.

Architecture. The BAM’s architecture is illustrated in Figure 17. The supervised model
has two layers of interconnected units in a bidirectional fashion, where the W and V layers return
information to each other (both acting as teachers to one another), where M and N represent the
number of units in each layer. The initial patterns are represented by X{o; and yjo;, while the outputs

of the network are x[¢; and y[¢] after ¢ cycles.
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Figure 17. Architecture of the BAM
Output function. The transmission function is defined by equation 1a and 1b:

1, if aj[c] >1
Equation 1a Vi, .., n,yic+1 = f(ayq) = -1 if aj < -1
(6 + Dayj) — dajy, Else

1, lf bi[C] >1
Equation1b  Vi,..,m,X;c4 1] = f(bi[c]) = —1if by < -1
(6 + 1)bl[c] - Sb?[c],Else

Where i is the index unit, ¢ the general transmission parameter, and a and b are the activations.

These activations are obtained the usual way and are defined by equation 2a and 2b:

Equation 2a  ag = Wx(g
Equation 2b b4 = Vyiq
Learning rule. The connection weights for the model are modified following a

hebbian/anti-hebbian rule [Chartier & Boukadoum, 2006].
. T
Equation 32 Wies1) = Wy + 1(¥10) =~ Yie) (Xo1 + X(c1)

. T
Equation 3b Vi1 = Vg + 1(Xj0) = X(c1) (Y10] + Vic])
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Where x(0) and y(0) are the initial inputs, # is the learning parameter and k is a given learning trial.
Equations 3a and 3b show that the matrix weights will converge when Xo; = X[¢] Or Y[o] = Y[¢]- TO
reduce the simulation time, the number of cycles performed according to equation 1 is usually set
to ¢ = 1. It is guaranteed that the learning will converge if the learning parameter (») is smaller

than the following value [Chartier & Boukadoum, 2006] defined by equation 4:

1 5:/:1

Equation4 7 < 2(1—-26)Max[M,N] ’ 2

Simulation I: BAM

The general task is illustrated in Figure 18. In order to recreate the task of enumerating
exemplars from a class by only presenting its class label, three overlapping lists of arbitrary
patterns were used. The general goal was to learn all overlapping lists. Two simulations
(conditions) were created to better understand the complexity of the task and the feasibility of
using a single BAM. The first condition was to establish if labels can be used to solve a simple
OMA and enumerate all the exemplars of a class, while the second was to show its limitation with
overlapping OMAs. Both conditions are illustrated in Figure 19.
Methodology

Arbitrary alphabetic patterns were used to test the network. Each pattern was a 49-
dimensional pixel base pattern where black pixels represent the value of +1 and white pixels -1.
Those patterns have the property of showing various levels of correlation (between 0.02 and 0.92).
Moreover, they can be naturally partitioned into multiple overlapping classes and are easily
recognized by experimenters. Of course, any other arbitrary patterns could have been used without

any modification in the results. Two conditions were created.

In condition 1, two sequences of three exemplars (class label followed by two letters) were
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used to generate an OMA scenario. For both sequences, the class label was concatenated to each
exemplar of the list, allowing exemplar modification and transforming the OMA into a OOA
(Figure 19a). In condition 2, multiple intertwined lists were used (Figure 19b). The number of lists
was set to three for proof of concept while avoiding the simplicity of having a binomial solution.
Furthermore, contrary to condition 1, each list was of different lengths and contained multiple
OMAs. The first list contained the class label “L” followed by the 26 letters of the alphabet in
lowercase. The second sequence was a subset of the first, containing the class label “V” followed
by all the vowels in lowercase. Finally, the third sequence was a different subset of the first list
containing the class label “C” followed by all the consonants in lowercase. For both conditions,

each list was ended by an auto-association on the last exemplar (final attractor).

Lakcdef x99z
V.ae-iowy
Clocdfoah xz

Figure 18. Sequences with class labels (“L”, “V” and “C”) at the beginning of each class for the

overall task.
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Figure 19. Class labels followed by modified exemplars for condition 1(a) and condition 2 (b).

Procedure

For all simulations, the transmission parameter (J) was set to 0.2 and the learning parameter ()
respected equation 4. The M and N layers were set to 98 units each, which represents the
dimensionality of the combined exemplar (49) and the class label (49). Learning was stopped when
the mean squared error (MSE) was lower than 107*° or when 5000 learning trials was reached.
Learning.
1. Selection of a list containing both the exemplars and the combined context (Figure
19b).
2. Random selection of a pair (X[o; and y[oj).
3. Computation of x[1j and yyy according to the transmission function (equation 1a, 1b,
2a and 2b).

4. Computation of the weights according to the learning function (equations 3a and 3b)

5. Repeat step 2) and 4) until all the pairs are selected.

o

Repeat step 2) to 5) until the desired MSE or the maximum learning trial is reached.

Recall.
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1. Selection of an initial contextual label of a given list, Xo).

2. Compute y¢ in accordance to the transmission function (equation 1a,1b, and 2a and
2b) until convergence; end of the list.

3. Comparison of the outputted exemplars with the correct ones.

4. Repetition of steps 1) to 4) for each contextual label (“L,” “V,” and “C”).

Results

Figure 20 shows the output for each of the conditions when presented with the class label.
In condition 1, the output is a clear representation of the desired solution for both associated
outputs. By using this approach, it was possible to solve a simple OMA. In condition 2, results
showed that appropriate retrieval was unobtainable in the situation of many OMASs. This is not
surprising because in such a scenario the task becomes nonlinear as well. Therefore, a single BAM
will not be able to perform this task. However, by combining the BAM with its unsupervised
version, it is possible to overcome this limit. Therefore, in the next simulation, we show such an
implementation while keeping the contextual encoding strategy to allow the network to achieve

the desired behavior shown in Figure 18.

Figure 20. Recall outputs for condition 1(a) and 2 (b).
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Simulation Il: FEBAM-BAM
In order to use the context to discriminate identical exemplars and to solve non-nonlinear
classification, the BAM network is modified to take into account information from its
unsupervised version, the Feature Extracting Bidirectional Associative Memory (FEBAM). The
FEBAM generates a representation that, when combined with the initial input, increases the
dimensionality and makes the classification problem into a linear one [Tremblay et al., 2013]. By
still having the same learning and transmission functions and the same general bidirectional

architecture, this contributes towards increasing the internal consistency of the overall model.

FEBAM model description
The FEBAM is the unsupervised version of the BAM previously described. The only notable
difference between the two is the absence of external (yj) connections. Consequently, there is no
teacher, and the model must rely only on one set of inputs (Xjo). Therefore, the goal of this model
is to generate the best representation that allows optimal reconstruction of the inputs. It is a process
akin to feature extraction [Chartier et al., 2007].

Architecture. The FEBAM’s architecture is illustrated in Figure 21. Like the BAM, this
model has two layers of interconnected units in a bidirectional fashion, where the W and V layers
return information to each other. As mentioned, there is only one explicit set of connections, X[oj,

used to store information.
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Figure 21. Architecture of the FEBAM.

¥a)

Transmission and learning functions. Both transmission (equation 1a and 1b) and
learning functions (equation 3a and 3b) remained the same. However, since yio is not explicitly
given, the information has to circulate a little longer in the network in order to get all needed inputs.
As shown in Figure 22, ypo is obtained by iterating Xjo) through its corresponding weight
connections W using the transmission function. Subsequently, x1; is obtained from yo; and finally,
yryy from xp1;. Through weight updates, each xpijand yp1y will converge to a solution that will try to
best reconstruct its associated initial pattern xjo; and/or its representation yjo;. Thus, in the case
where it is impossible for x1; to equal xjo; (e.g., information compression), weight convergence
will only be guaranteed by yp1; and yp;. The number of units in the y—layer determines the
dimensionality (level of compression) of the generated representations. The more units there are,

the better the reconstruction will be [Giguére et al., 2007a, 2007b].
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Figure 22. Iterative process used to gather inputs for learning.

FEBAM-BAM Model

Figure 23 illustrates the overall network to accomplish the task where the FEBAM is used to

generate features (context).

CLASS LABEL CLASS LABEL CLASS LABEL
CONTEXT
L —1> | CONTEXT

Figure 23. Overall architecture of the FEBAM-BAM.

Methodology

The task consisted of learning the same three sequences from simulation I’s condition 2
(Figure 19b). This time, exemplars with their class label were fed to the FEBAM first. This allowed
the FEBAM to generate features which acted as a unique “signature” for the current exemplar.
This representation was then concatenated to the initial input and fed to the BAM for learning. The
number of y units in the FEBAM was fixed at a dimension of 98. This was determined in order to
increase the probability of success [Rolon-Mérette et al., 2018b]. The number of y-units can be

lower than the number of x-units, but for the scope of this study, it was not investigated. Finally,
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in addition to recalling condition 2’s lists, a simple noisy (pixel flip) recall task was performed,
where the class labels were distorted prior to being presented to the FEBAM-BAM. For the noisy
recall task, pixel flip ranged from 0 to 50% of the original class label to show the FEBAM-BAM’s

ability to deal with noise.

FEBAM Learning. The inputs were presented to the FEBAM. To maintain internal
consistency, the transmission parameter (J) and the learning parameter () were not changed from
simulation I. The weights were randomly initialized with values between -0.1 and 0.1 and were
updated after one cycle (c = 1). Learning stopped when the network achieved a mean squared error
(MSE) of less than 107 or when 5000 learning trials were reached. The learning procedure can be
described as follows:

1. Selection of a list containing all three sequences of modified exemplars as seen in

Figure 19b).
2. Random selection of a given exemplar from the list to obtain Xpo.
3. lteration through the network (as illustrated in Figure 22) using the output function
(equation 1a, 1b, 2a and 2b) to obtain yio), X[23 and yp.
4. Computation of weight updates according to the learning rule (equations 3a and 3b).
5. Repetition of steps 2) to 4) until the minimum mean squared error between Yy and yy;
or max trials is reached.
Each output was then concatenated to its associated input before being presented to the BAM for
learning. The same learning and recall procedure from simulation | was used for the BAM except
for the M and N layers; they were increased to 196 units due to the concatenation.

Results

All three sequences (Figure 18) were successfully learned by the combined FEBAM-BAM



ARE ASSOCIATIONS ALL YOU NEED? 55

model (Figure 23). Furthermore, contrary to condition 2 in simulation I, every exemplar for each
sequence is retrieved correctly without any distortion. These results are similar to those obtained

in ML [Collobert et al., 2011; Jordan, 1997; Neville, 2008].
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Figure 24. Recall of the learned three sequences.

Likewise, during the pixel flip recall task, correct retrieval was possible for distortion
between 0 and 25 %. Figure 25 shows results for a pixel flip of 10% (10 pixels) of the original
class label ‘L’. This “cleaning” by the FEBAM portion of the FEBAM-BAM allowed to obtain

the same retrieval results (Figure 24) while dealing with noisy class labels (inputs).
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Figure 25. Noisy recall (10 % pixel flip) of class label "L’.

Discussion

In Simulation I, the goal was to learn a simple OMA task (condition 1) by using the context
to discriminate the exemplar in a BAM. Results showed that joining the input with fixed contextual
information allows the network to solve a simple OMA task using a cognitively plausible neuronal
implementation. However, condition 2 showed that this strategy alone is not sufficient if the task
contains multiple OMAs. In this last case, a nonlinear classification is then required.

To remedy this problem, in simulation I1, the BAM was employed in combination with the
FEBAM. This addition allowed the network to create its own generated features and, when
combined with the initial input, allowed it to solve the nonlinear task. The network was able to
achieve perfect learning and recall while maintaining internal consistency; the same transmission,
learning functions and the same general bidirectional architecture were used. Furthermore, when
faced with distorted exemplars, the model was able to “clean” noisy inputs and reconstruct the
appropriate class label while retrieving the associated generated feature. This allowed the FEBAM-
BAM to solve the enumeration task despite being presented with noisy inputs. This is an important

feature towards having a model deal with real world stimuli.

This combination (FEBAM-BAM) is an interesting solution because it avoids the current task
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specific problem [Marcus, 2018]. In approaches where context is given through time delay units
[Chartier & Boukadoum, 2006; Collobert et al., 2011; Elman, 1990], the network must know
beforehand how many of those units will be necessary for the task, limiting its versatility and
plausibility.

That being said, in this model, the proposed mechanism is sequence specific. In other
words, although the sequences themselves were arbitrary and could be replaced by any sequences
of exemplars, the network outputs will always be in the same order. This is accurate in the case of
learning multi-step patterns like motor outputs. However, a future desired property would be the
inclusion of more flexibility where the order of outputs is determined from the frequency of
occurrence or the success rate of past experience using reinforcement learning. Furthermore, it
would be interesting to follow up on the inherent characteristic task [Hattori & Hagiwara, 1998]
while using the FEBAM-BAM’s ability to modify the exemplars with pseudo-contextual
compartments [Clarke, 2017; Spillers & Unsworth, 2011; Stoet & Snyder, 2007]. This would open
the door towards a cognitively plausible artificial neural-network capable of combining knowledge
acquisition and knowledge transfer, increasing even further the model’s versatility. Additionally,
it is known that the number of y-units must be greater or equal to the number of unique exemplars
for feature extraction in the FEBAM [Tremblay et al., 2013]. That being said, it would be
advantageous to investigate the probability of success for this multi-OMA task while controlling
for the dimensionality of the generated context (FEBAM y-unit). This could determine if the
number of exemplars in a list or the number of intertwined exemplars have an impact on the
number of y-units needed for the nonlinearly separable OMA task. Finally, it would be interesting
to account for exemplars in a list representing a single exemplar or a whole category in itself. This

would allow the model to perform an important semantic memory task while being a simple
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neuronal model (free association task [Nelson et al., 2004]).

In sum, it was shown that a simple recurrent BAM with a Hebbian/anti-Hebbian learning
algorithm is sufficient to solve a complex task requiring the enumeration of all associated arbitrary
exemplars from a class by the sole presentation of a class label. These findings are an important
step toward developing a neural implementation of semantic networks in order to shift from narrow

intelligence to artificial general intelligence (AGI) [Bengio et al., 2015; Marcus, 2018].
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Chapter 1 Conclusion

The ability to deal with OMA in the BAM framework was investigated in this chapter. By
following Jordan’s approach and juxtaposing contextual representations to sets of patterns, it was
possible to change the correlation of these items. These changes facilitated the overall performance
of the model. Additionally, using these representations allowed the model to learn a OMA. In other
words, simple associative mechanisms can account for this behavior. However, an additional
BAM-like model, the FEBAM, was needed to ensure success when sequences contained multiple
overlapping OMAs. This requirement hinted towards the relationship between patterns being
nonlinear and deserved further investigation to ensure reliability, consistency, and simplicity in

the approach.
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Chapter 2
Chapter 2 introduces a novel multi-network BAM to deal with nonlinear tasks. In the paper
titled A Multilayered Bidirectional Associative Memory Model for Learning Nonlinear Tasks, the
consequence of using multiple FEBAM architectures in conjunction with the BAM was evaluated.
Various nonlinear tasks were used to ensure the model could perform consistently and in different
settings (discreet and continuous-valued tasks, segregated and overlapped decision zones, online
continuous learning, and multiclass setting). The proficiency of the new model was evaluated

through decision zones, learning times and correct recall.
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A Multilayered Bidirectional Associative Memory Model for Learning Nonlinear Tasks
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associative memory model for learning nonlinear tasks. Neural Networks, 167, 244-265.
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Abstract

A multilayered bidirectional associative memory neural network is proposed to account for
learning nonlinear types of association. The model (denoted as the MF-BAM) is composed of two
modules, the Multi-Feature extracting bidirectional associative memory (MF), which contains
various unsupervised network layers, and a modified Bidirectional Associative Memory (BAM),
which consists of a single supervised network layer. The MF generates successive feature patterns
from the original inputs. These patterns change the relationship between the inputs and targets in
a way that the BAM can learn. The model was tested on different nonlinear tasks, such as the N-
bit, Double Moon and its variants, and the 3-class spiral task. Behaviors were reported through
learning errors, decision zones, and recall performances. Results showed that it was possible to
learn all tasks consistently. By manipulating the number of units per layer and the number of
unsupervised network layers in the MF, it was possible to change the level of nonlinearity observed
in the decision boundaries. Furthermore, results indicated that different behaviors were achieved
from the same set of inputs by using the different generated patterns. These findings are significant
as they showed how a BAM-inspired model could solve nonlinear tasks in a more cognitively

plausible fashion.

Keywords—ANNs, Associative Memory, BAM Neural Networks, Cognition, Multilayer,

Nonlinear Tasks
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1. Introduction

According to the associative memory theory, the human brain is an association machine
[Anderson & Bower, 2014; Buckner & DiNicola, 2019]. Every day, it is learning, storing, and
retrieving associations between objects, concepts, and other mental items that can be vastly
different [Caudill & Butler, 1990]. This process, referred to as Associative Memory (AM), is said
to be imprinted in various cognitive behaviors and has been studied extensively in a wide array of
fields [Kumar et al., 2015; Lansner, 2009; Letzkus et al., 2015; Leuner et al., 2003; Mayeset al.,
2007; Puig et al., 2014; Stalnaker et al., 2010; Suzuki, 2008]. Of particular interest is the
computational modeling domain, which has grown in popularity over the last decades.
Specifically, Artificial Neural Networks (ANNSs) have been widely used to draw parallels between
neurophysiology and cognition in many different settings [Elman et al., 1996; Smolensky, 1988;
Yang & Wang, 2020]. One of their many benefits is that they permit one to infer how neural
information processing can lead to certain cognitive properties, like AM [Alamia et al., 2020;
Barak, 2017; Hintzman, 1991; McClelland, 2000a, 2000b; O’Reilly & Munakata, 2000; Thomas
& McClelland, 2008].
1. 1. Background and Problematic

ANNSs built for studying AM are often referred to as Neural Associative Memory (NAM)
[ Palm, 2013; Zhang et al., 2021]. Like ANNs, most NAM also consist of neuronlike and synapse-
like elements based on the McCulloch-Pitts neuron [McCulloch & Pitts, 1943]. NAMs play an
important role in cognition. They provide an interesting explanation for how learned patterns may
correspond to attractors in the brain’s neuronal state space. As such, they permit linking the
neurodynamic perspective to AM and consequently find themselves in various brain theories

[Knoblauch, 2005]. Most NAMs use content addressable memory, a type of computer memory
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that searches for pattern similarity among its stored content through a process akin to AM. This
allows them to retrieve a corresponding address pattern despite being given a noisy one, which is
a feature incorporated in most memory models in cognition [Kohonen et al., 1977]. NAMs can
usually perform either auto-associations, hetero-associations, or both, which makes them
interesting when trying to explain various cognitive behaviors through AM (see Anderson and
Bower’s [2014] HAM model for details on how associations can be used to build cognition). As
such, one of their many benefits is that they permit to explain how information signal processing
can lead to human cognition.

Remarkably, NAMs are nothing new and can be traced back to the 60s, albeit limited and
far from displaying proper AM-like behaviors [Steinbuch, 1961; Willshaw et al., 1969]. These
behaviors only began to emerge in the 70s, with networks being able to perform auto- and hetero-
associations [Kohonen, 1972, 1974; Kohonen et al., 1977; Palm, 1980]. However, these models
lacked the ability to form attractors due to their internal dynamics. This came with the brain-state-
in-box (BSB) [Anderson et al., 1977]. The BSB could perform auto-association by storing patterns
in attractors that were produced by nonlinear recurrent feedback within its network. Consequently,
the BSB inspired a new subclass of NAMs, referred to as recurrent neural associative memory
(RNAM), mainly interested in the neurodynamic perspective and cognition [Anderson, 1983].

RNAMs became popularized a few years later due to the Hopfield network [Hopfield,
1982]. Although this model showed how correlated stimuli could be learned through a simple one-
shot learning rule and proved this stabilization, the model could only display auto-association. A
few years later, this limitation was overcome with the Bidirectional Associative Memory (BAM),
which could perform both auto-association and hetero-association while retaining its

neurodynamic perspective [Kosko, 1988].
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To this day, the BAM remains one of the most popular RNAM for studying AM through
the neurodynamic perspective. This is because it can perform auto- and hetero-association in a
bidirectional fashion while using a simple HL rule, essential aspects for generalizing an ANN to
human cognition [O'Reilly, 1998]. Over the years, numerous studies have enhanced the original
BAM by allowing it to perform various complex tasks and be used for real-world applications,
such as data compression, image recognition, and classification (see [Acevedo-Mosqueda et al.,
2013] for a more comprehensive review on BAMSs). As with ANNs in general, these advancements
mainly came from two perspectives: those interested in performance exclusively, which can be
referred to as the Machine Learning (ML) approach, and those searching to build more plausible
models of mechanisms found in the animal brain, occasionally denoted as the cognitive or
biological approach. Although the ML perspective allowed the BAM to be used in the
aforementioned applications, it did so at the cost of losing some of its core properties related to
cognitive plausibility: biological realism, distributed representations, error-driven learning,
Hebbian learning, and bidirectional activation propagation [O'Reilly, 1998].

On the flip side, cognitively plausible models that try to follow these principles are often
seen as either too complex [Labib, 1999], requiring highly nonlinear transmission functions [Shen
et al., 2004], using subjective learning procedures [O’Reilly, 1996] or in the BAMs’ case, limited
when it comes to learning nonlinear associations [Chartier et al., 2009]. This is quite cumbersome
for the generalizability of the BAM, especially when considering that humans can associate
patterns regardless of the nature of the association being linear or nonlinear [Levering et al., 2020;
Rosedahl & Ashby, 2022]. For example, when collecting wild mushrooms, each mushroom
encountered will have characteristics that allow an individual to determine whether it is edible

(e.g., the color, smell, and size) [Baroni, 2017]. In some instances, a single feature (foul smell)
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will be enough to determine that a mushroom is inedible, regardless of all other features. As shown
in Figure 26(a), this represents a linear association between the mushroom’s feature and its
edibility category. However, in most cases, many features must be considered simultaneously.
Dealing with such situations often necessitates the ability to form nonlinear associations between
features and their category, as shown in Figure 26(b). Although humans constantly do this, it
remains an important challenge for cognitively plausible BAMs. Indeed, when these models try to
learn a nonlinear task, such as the XOR problem, they remain incapable of finding the appropriate
solution. A standard BAM’s behavior, illustrated in Figure 26(c), will be linear even when
encountering a nonlinear task, meaning in the mushrooms example, the model will miss identify
them. Suppose the BAM is to remain a model of human cognition through the neurodynamic

perspective. It must be able to learn linear and nonlinear association types.

Linear Nonlinear 2-bit parity

White Red

Brown Blue

a) Sweet Foul b) Short Tall ¢) I Inedible [ Edible

Figure 26. (a) Example of linear associations. (b) Example of nonlinear associations. (c) A
standard BAM’s classification behavior on the XOR task.
1. 2. Related Work

Different efforts have gone towards teaching the BAM to learn nonlinear tasks. These
usually consist of either modifying the BAM itself (e.g., changing its learning rules, architecture,
transmission function, etc.) or pre-processing the inputs before being presented to the BAM (i.e.,

changing their representations). The most popular methods for dealing with nonlinear tasks consist
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of using multilayered architectures while adjusting learning through backpropagation and gradient
descent [Adigun & Kosko, 2019; Kosko, 2021; Liu et al., 2019; Liwanag & Becker, 1997;
Rumelhart et al., 1986; Singh & Saraswat, 2017; Wu et al., 2018;]. The popularity of these methods
can be attributed to the much-documented accomplishment of “deep” networks in numerous
successful applications [Ferrucci et al., 2010; Silver et al., 2016; Vinyals et al., 2019]. Deep
networks are built upon the abstraction of the brain’s multilayered architecture, which, in turn,
could be an underlying reason for their immense power. However, these models are not necessarily
concerned with following cognitive constraints and instead aim to solve tasks optimally [Marcus,
2018]. The main problem with this approach is that it often requires different learning or
transmission functions within the combined model while also having to freeze some of its modules
during learning [Liu et al., 2019; Wu et al., 2018]. On the other hand, when the BAM is expanded
upon to include multiple layers within its architecture and uses a form of bidirectional
backpropagation learning algorithm [Adigun & Kosko, 2019; Kosko, 2021; Singh & Saraswat,
2017], it assumes that information can circulate through the same connection bidirectionally.
Moreover, its weight update usually requires an unrealistic flow of information, having to circulate
the incoming signals many times between inputs and outputs layers before learning can occur.
Regardless of which approach above is used, they go against the current understanding of
the human brain. For instance, at both the micro and macro level, networks of neurons seem to
behave similarly throughout the brain [Buckner & DiNicola, 2019], meaning that the same
transmission function should be used for all nodes, and internal consistency must be sought out.
Moreover, there appears to be no evidence of brain regions stopping their activity from
accommodating learning [Raichle, 2010]. Thus, no weight-freezing schemes must be used.

Additionally, information at the synapse level seems to only circulate in one direction, so no
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transposition of weight matrices for backward passes can be utilized [Stdhof, 2021]. Lastly, there
still needs more evidence that the strength of synapses changes based on the error being
backpropagated through them [Song et al.,, 2020]. Thus, although these “deep networks”
approaches permit the BAM to learn nonlinear associations, they often do so in ways that
undermine its plausibility and weaken its legitimacy to be used as a tool to model human cognition.

A different approach can be found in the morphological bidirectional associative memory
[MBAM,; Ritter et al., 1999], gray-scale morphological associative memories [Sussner & Valle,
2006], the alpha-beta bidirectional associative memory [o-f BAM; Acevedo-Mosqueda et al.,
2006], chaotic complex-valued bidirectional associative memory [CCBAM; Yano & Osana,
2009], Lie Algebra-Valued BAM [LieBAM; Popa, 2017], and other variants (see [Acevedo-
Mosqueda et al., 2013 for a chronological history of other relevant BAMs). These models have
been built to deal with nonlinearity and have interesting properties, from the ability to increase
storage capacity [Lee et al., 2015], display chaotic behaviors, to using drastically fewer resources
(artificial nodes) in the process [Sussner & Campiotti, 2020]. However, these models do so by
changing the nature of the artificial node and using different algebra types for its computations.
As such, they move away from the traditional view of the McCulloch-Pitts’ neuron and the simple
neurodynamic perspective captured by the original BAM.

An important question to be answered is whether changing the connectivity is sufficient to
learn nonlinear tasks while keeping simple HL and the McCulloch-Pitts’ neuron model. One
approach that searched to investigate this can be found in [Chartier & Boukadoum, 2006]. This
modified version removed the original notion in Koskos” BAM [1988], where the bidirectional
connections between two units had to be symmetric. Instead, it used two distinct weight matrices

to account for the independence of the forward and backward connections. In this modified BAM,
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a simple Hebbian and anti-Hebbian learning rule is used. From this model, an unsupervised
version was proposed by replacing one set of connections with its generated representation
[Chartier et al., 2007; Chartier et al., 2012]. This variation, called the Feature Extraction
Bidirectional Associative Memory (FEBAM), has been shown to learn nonlinear associations if
combined with another FEBAM in a head-to-toe fashion (it solved the 2-bit, 3-bit, 4-bit, and 5-bit
parity problem). This was evidence that learning these types of associations was possible by only
changing the flow of information. In other words, success without undermining the model’s
internal consistency and while maintaining the modified BAM’s core properties [Chartier et al.,
2012]. However, this method was only applicable if bipolar values represented the task and, as
such, did not generalize well to continuous values. Nevertheless, the FEBAM can be considered
an interesting model, as it has the property to generate patterns associated with the original inputs
in an unsupervised manner but of different dimensionality to them. Thus, the FEBAM can generate
a version of the initial patterns that are either compressed, expanded, or the same size [Giguére et
al., 2007a, 2007b]. This is similar to what can be observed in other ML models, such as
autoencoders [Bank et al., 2020]. In other words, this means that the FEBAM could be used as a
type of pre-processing network.

This was explored in a study that combined the FEBAM and the BAM as a multinetwork
model [Tremblay et al., 2013]. Here, the FEBAM was used to generate a higher dimensionality
representation that was joined with the original input to make the task linear. This FEBAM-BAM
implementation proved interesting as it could learn the N-bit parity problem and other real-valued
(continuous) nonlinear tasks (e.g., the double Moons). However, the downside of this
multinetwork model was that its learning was erratic and required an external stopping mechanism

to halt its weight update. Additionally, even with this stopping mechanism, the model could only
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find the right solution a fraction of the time. As such, although the FEBAM-BAM approach had
internal consistency, it lacked reliability and the capacity to self-stabilize.

Still, this combination of FEBAM and BAM showed promise, as it pointed towards an
advantage of using networks of the same nature. By allowing the multiple networks to work
together and by only modifying the connectivity of one of them, it was possible to display new
behaviors. Using such restrictions, the multimodel gets closer to being analogous to information
circulating through different brain regions (neural circuitry) and being transformed along the way
[Wang & Cui, 2018]. As such, it may be an inherent explanation of how these homogenous systems
can display more complex behaviors.

1. 3. Proposed Solution

In a previous study looking at how to decorrelate highly similar stimuli, a model composed
of several FEBAMSs was used. Results showed that as the number of FEBAMSs increased, the
correlation between the generated representations decreased [Rolon-Mérette et al., 2018a]. The
human brain’s laminar architecture inspired this multi-FEBAM model; as such, it was structured
by using various versions of itself stacked one on top of each other. Its decorrelation properties
functioned by generating an initial expanded representation of the inputs from the first FEBAM.
This generated pattern was then given to the second FEBAM to generate a representation from it.
This process was repeated until the last generated representation from the final FEBAM was
obtained. Each subnetwork was trained sequentially in isolation, meaning the first FEBAM had to
finish learning before the second one began. Although this multiple FEBAM was highly successful
in decorrelating inputs, there may be an additional property that was not foreseen. More precisely,
it may also be progressively transforming nonlinear relationships into linearly separable ones in a

reliable fashion. This could be possible due to the FEBAM’s ability to generate patterns through
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information expansion. Generating representation from projecting inputs onto a higher dimension
could result in finding a linearly separable solution to a nonlinear problem, like what can be
observed in other ML models, such as the support vector machine (SVM) [Chauhan et al., 2019].
By repeating this process over multiple FEBAMs, this generated representation can be “shuffled”
until a set of patterns can share a linear association with its corresponding targets. Therefore, using
this multimodel before the BAM as a pre-processing network could allow the latter to learn a task
regardless of the level of nonlinearity. In other words, it would be possible to maintain the internal
consistency displayed by the FEBAM-BAM approach while also showing reliability and self-
stabilize.

Because the learning stabilizes from any starting condition, multiple FEBAMs could be
linked together, such as each FEBAM would send its generated representations to the following
one. By default, this sequential learning will require additional time because each FEBAM layer
must receive constant information for learning to stabilize. At first, only the first network layer
would receive constant information (the inputs) during the first few learning epochs. As this initial
network layer generates the same representations, the following layer can then begin to produce a
stable solution. This process would trickle down until the last FEBAM layer stabilizes. Therefore,
as a given layer begins to provide a steady solution, learning (weight update) can continue without
hindering the model. In other words, by using a head-to-toe architecture and giving more time for
each layer to provide a stable solution, it should be possible to exploit the feature-extracting
abilities of the multiple FEBAMSs while avoiding the need to train each layer in isolation, solving
the design flaw.

As such, this research proposes a new multimodel RNAM capable of consistently learning

nonlinear tasks in a cognitively plausible fashion. This model is composed of an unsupervised
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module, referred to as the Multi-Feature extraction bidirectional associative memory (MF), which
contains multiple layers of interconnected FEBAMSs, and a supervised module, the Bidirectional
Associative Memory (which contains a single modified BAM). It is hypothesized that this design
would allow the BAM module to receive linearly separable representations generated by the MF.
Consequently, this combined architecture, MF-BAM, would enable the model to find a solution
through self-governed dynamics and in a consistent fashion. Most importantly, the MF-BAM
would be capable of learning nonlinear tasks while keeping its internal structure consistent
throughout its composing networks (e.g., same learning rule, transmission function, etc.), making
it a more cognitively accurate model. Furthermore, like the layered organization of biological
neurons (e.g., hypercolumns and macrocolumns in the cortex; [Wang & Cui, 2018]), only the
number of neurons in each layer (number of units in each network) and the number of layers
(number of networks) of the unsupervised component should have an impact on the model’s
behavior. Changing the MF’s structural parameters should substantially affect the generated
output, as reported in the decorrelation study [Rolon-Mérette et al., 2018a]. Suppose the MF can
change nonlinear relationships between input and targets of a task into a linearly separable one.
Then, the final BAM layer should easily be able to learn the task. Otherwise, the outputted behavior
of the MF-BAM will be linear, and the model will fail.

To evaluate if the MF-BAM can consistently solve nonlinear tasks, various nonlinear
problems were used [Goodwin & Johnson-Laird, 2013; Nadler et al., 2008; Wattenmaker, 1995;
Wattenmaker et al., 1986]. These were the N-bit parity (bipolar value) and the Moons, Eclipse,
and Suns tasks (continuous value). Other abilities, such as continuous online learning and
multiclass (3-class Spiral task), were also investigated. Each problem was presented as a hetero-

association task, where the model had to learn the appropriate input-target pairs. Additionally, the
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structural parameters, number of units per layer, and number of unsupervised network layers were
manipulated to understand the effects of their interaction on performance. Lastly, learning error,
decision zones, and recall performance measurements were all used to assess these effects.

As such, to adequately present the MF-BAM, this paper is divided into the following
sections: Model, General Methodology, Impact of the Number of Units per Layer (u), Impact of
the Number of Unsupervised Network Layers (I), Impact of Manipulating the Number of Units (u)
and Unsupervised Network Layers (1), Continuous Online Learning, Multiclass Nonlinear Task,

General Discussion, and Conclusion.

2. Model

We introduce the MF-BAM, a Bidirectional Associative Memory neural network
consisting of multiple unsupervised network layers (ULS) and a single supervised network layer
(SL). The ULs are based on the FEBAM architecture [Chartier et al., 2007], while the SL consists
of a modified BAM architecture [Chartier & Boukadoum, 2006]. The MF-BAM functions by
associating inputs to their corresponding targets in a bidirectional fashion via multiple
transformations through its ULs. For a given input pattern, p, learning begins in the MF, where an
initial unsupervised network layer (UL1) learns to generate a first hidden representation, hi. This
representation is then passed to the second unsupervised network layer (UL2), which will learn to
generate a second hidden representation, h2. This process is repeated for | number of unsupervised
network layers until the deepest hidden representation, hy is generated. Once the entirety of the
MF has learned to produce a consistent h; representation, it is then sent to the BAM component
(SL), which will learn to associate h; with its corresponding output target, o. Figure 27 displays
the overall architecture. The architecture, transmission function, and learning rule are presented in

the following sections to understand further how the MF-BAM operates.
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Figure 27. MF-BAM architecture box model.
2. 1. Architecture

The MF-BAM’s architecture consists of multiple networks connected in a bidirectional
fashion. The model is divided into two components: the Multi-Feature extraction bidirectional
associative memory (MF), which contains various ULs, and the Bidirectional Associative Memory
(BAM), which encompasses a single SL. Both the ULs and SL have two sublayers (input layer x
and output layer y) of interconnected units in a bidirectional fashion. They are based on a modified
version of the BAM [Chartier & Boukadoum, 2006]. Contrary to Kosko’s original BAM [1988],
the UL and SL are connected via the independent weight matrices W and V. Due to the recurrent
nature of the UL and SL, these sublayers return information to each other. As such, W’s shape is
given by y’s and x’s dimensionality and V by X’s and y’s (i.e., if X has a dimensionality of m and
y of n, W becomes a n x m matrix and V a m x n). As shown in Figure 28, the only difference
between the UL and SL is their number of external input connections. The SL has two sets of
external connections and receives two inputs, Xjo; and yyo;. On the other hand, the UL only has one
set and receives one input, X[o;, and generates its outputs, yp;. This means that the number of y-
units (i.e., the dimensionality of the generated hidden representations) can be manipulated for the

UL exclusively.
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Since the MF-BAM is composed of two networks of the same nature, it uses the same

transmission function and learning rules for all its network layers. Thus, any change in the behavior

of the MF-BAM comes only with modifications to its architecture through two parameters: the

number of y-units in each UL (i.e., number of units per layer, denoted by u) and the number of

ULs used (i.e., number of unsupervised network layers, represented by I). Figure 29 shows these

two parameters and how they shape the overall architecture of the MF.
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Figure 29. The u (number of units per layer) and | (number of unsupervised network layers)
parameters of the MF component in the MF-BAM.
2. 2. Transmission Function

The MF-BAM uses a cubic transmission function (see [Chartier & Boukadoum, 2006;

Chartier et al., 2009] for more details) with saturating limits at +1, defined by equations 1a and 1b:

1, lf ai[c] >1
—1, lf ai[c] < -1

Equation 1a Vi, ...,n,¥ic+ 1] = f(@jc)) =
(8 + Day — bajy, Else

Lifbyg>1
Equation 1b Vi, .., m,X;ic 4+ 1) = f(byj¢)) = —1if by < -1
(6 + 1)bl[C] - 6b?[c],Else
where i is the index unit, c the iteration cycles index, ¢ a general transmission parameter, m and n
the number of units in each sublayer x and y, respectively, and a and b their activations. The

activations are obtained following equations (2a) and (2b):

Equation 2a  ajg = Wxq
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Equation 2b b = Vyq

Figure 30 displays the transmission function for 6 = 0.2.
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Figure 30. The MF-BAM’s transmission function for 8 = 0.2.
2. 3. Learning rule
The MF-BAM uses a Hebbian/anti-Hebbian learning rule to modify its weight connections

according to equation (3a) and (3b):

. T
Equation 3a  Wyeyq) = Wiy + 1(¥10] = ¥ie1) (Xpo) + Xc1)

. T
Equation 3b  Vje1) = Vg + 1(Xj0) — X(e1) (V10] + ¥ie1)

where 7 is the learning parameter, K is a given learning trial, X[o; and yjoj are the initial incoming
patterns presented to the W and V matrices and X and y[¢] are their respective reconstructed
patterns at the iteration cycle c. Figure 31a) shows an example for a UL of how an incoming signal
will go through W, V, and back to W to obtain the reconstructed generated pattern y13 and mark
the end of an iteration cycle. Furthermore, it also shows how this process can continue for ¢ number

of iteration cycles. For the SL, the iteration cycle is shortened as the incoming pattern Xoj traverses
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W, and the incoming “teacher” pattern Yyjoj passes V simultaneously to produce the reconstructed
“teacher” pattern y[1j and the reconstructed incoming patterns x[j, respectfully. Likewise, x1; and
11 can be sent back for a ¢ number of iteration cycles to give X and y[c). Figure 31b) shows this
process for the SL, where the black lines represent the process for an iteration cycle of 1, and the

dashed lines show how information can circulate back in W and V for c iteration cycles.

Incoming pattern X[OL

Yol Generated pattern

X[l]\
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Reconstructed X,
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a) UL
Incoming pattern X Reconstructed
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b) '
SL

Incoming “Teacher”
pattern

Yo
Figure 31. Box diagram of a) UL’s iterative cycle and b) SL’s iterative cycle.

It is important to note that the Hebbian/anti-Hebbian learning rule (equation (3a) and (3b))
can be driven by the incoming pattern, xjo; and/or yjo;, and their reconstructed version at any c
iteration cycle. As such, once all desired terms are acquired (X[o}, X[c] , Yo}, @and Y[¢) in a network

layer, a weight update for both W and V can occur, resulting in the learning trial, k, incrementing
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by one and the c variable resetting. Furthermore, during learning, weight update is said to have
stabilized when X0} = X[¢] Or Yo = Y[¢] (i-e., when the input layer and output layer have become
constant in their activation). This means that despite continuing the weight update, both W and V
remain centered at a particular set of values which represents minima in the solution space. In other
words, a network layer’s stabilization means that its internal dynamics have produced stable
attractors representing the learned patterns. This stabilization can only be guaranteed if the learning
parameter () is small and positive (see [Chartier & Boukadoum, 2006] for more details). Figure
32a) shows an example of a UL and 30b) a SL, stabilizing during learning to minima when X[o; =

X[c] (Red) and yio; = yq (Blue) for ¢ = 1.
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Figure 32. Example of a) UL’s and b) SL’s learning for an iterative cycle of ¢ = 1 and for 40

epochs on a simple association task.

2. 4. MF-BAM’s learning procedure
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To better understand how the MF’s architecture impacted the BAM's behavior, each
module was trained individually to highlight this effect. As such, in the MF-BAM, information
cycling begins with its MF component. Each UL of the MF functions the same as described in
section 2.3., where an input pattern arrives at the input layer, denoted as XuL[g, and traverses
through the weight matrix WuL to generate yut[o) at the output layer. This generated pattern yut[o)
is then sent back to the input layer via the VuL weight matrix to reconstruct the incoming pattern,
denoted as XuL[c}. The first iterative cycle is complete once XuL[c is sent back to the WuL matrix to
generate yui;. Once all four terms, XuL(o), YuLo}, XuL[c}, and YuL[c], are obtained for a given UL, a
weight update can occur as per equations (3a) and (3b). The yur[¢ can then be sent to the following
UL as input, and the ¢ can be reset for the following incoming signal. This initiates the same
process for the subsequent UL. In other words, when an initial pattern p arrives in the MF
component, it triggers a cascade of this cyclic process until the final network layer, UL, produces
a stable yuui). For simplicity, each UL’s yur will be referred to as a hidden generated
representation of that network layer, denoted by h. Thus, UL will generate a hy, UL, aho, ..., and

UL, a hi. Figure 33 shows this process for the MF and its bidirectional nature.
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Figure 33. Box diagram of the MF’s learning process.
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In sum, in the MF, when an input pattern arrives at a UL, the signal can circulate between
the WuL and VuL matrices for a ¢ number of iteration cycles. Once all four desired terms are
obtained (XuLo], YuL[o], XuL[c], YUL [¢]), @ Weight update occurs, c is reset, and a learning trial (k) has
passed for that UL. Once all input patterns have been individually presented, it is said that one
epoch (e) has passed. This learning process can continue until a maximum number of epochs has
been reached or if the entirety of the MF has stabilized. In other words, until the maximum number
of repetitions has passed or when weight updates in every UL have stabilized.

Because the MF doesn’t require error to be backpropagated, weight updates can occur
independently for each UL. Furthermore