
daniel de magalhães chada

A R E Y O U E X P E R I E N C E D ?

Contributions towards Experience Recognition, Cognition, and
Decision Making





A R E Y O U E X P E R I E N C E D ?

Contributions towards Experience Recognition, Cognition, and Decision Making

daniel de magalhães chada

Submitted in partial fulfillment of the requirements for the degree of

Doctor of Philosophy (Ph.D.) in Management
with emphasis on Behavioral and Decision Sciences

at the Escola Brasileira de Administração Pública e de Empresas — EBAPE
of the Fundação Getulio Vargas — FGV



Daniel de Magalhães Chada: Are You Experienced?, Contributions to-
wards Experience Recognition, Cognition, and Decision Making, ©
October 2016

commitee:
Fabio Caldieraro
Moacyr Alvim Horta Barbosa da Silva
Ross Gayler
Alexandre Mendes
Alexandre Linhares

location:
Rio de Janeiro

time frame:
October 2016



   Ficha catalográfica  elaborada pela Biblioteca Mario Henrique Simonsen/FGV 

 
 

 
 
Chada, Daniel de Magalhães    
    Are you experienced?: contributions towards experience recognition, cognition, 
and decision making / Daniel de Magalhães Chada. – 2016. 
     97 f.  
 

  Tese (doutorado) - Escola Brasileira de Administração Pública e de Empresas, 
Centro de Formação Acadêmica e Pesquisa. 

  Orientador: Alexandre Linhares. 
  Inclui bibliografia.  
 
  1. Administração. 2. Ciência cognitiva. 3. Memória - Simulação por computador. 

4. Processo decisório. 5. Sistema de reconhecimento de padrões. 6. Inteligência 
artificial distribuida. I. Linhares, Alexandre. II. Escola Brasileira de Administração 
Pública e de Empresas. Centro de Formação Acadêmica e Pesquisa. III. Título. 

 
                                                                                  CDD – 658.403 
 
 
 









Ohana means family.
Family means nobody gets left behind, or forgotten.

— Lilo & Stitch

Dedicated to the loving memory of Edson de Campos Chada.

1937 – 1994





A B S T R A C T

This work is comprised of three independent contributions from the
realm of cognitive modeling to management science. The first ad-
dresses Experience Recognition, a theory first introduced by Linhares
and Freitas [91]. Here it is extended and better defined, and also its
contribution to cognitive science and management science are dis-
cussed. The second contribution introduces a cognitive framework
called Rotational Sparse Distributed Memory, and provides a sam-
ple application of its characteristics as a substrate for a highly rel-
evant subject in management science: semantic networks. The final
contribution applies Rotational Sparse Distributed Memory to model-
ing network motifs, dynamic flexibility and hierarchical organization,
all highly impactful results in recent neuroscience literature. The rel-
evance of a neuroscientific modeling approach towards a cognitive
view of decision science are discussed.
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Gratitude bestows reverence,
allowing us to encounter everyday epiphanies,

those transcendent moments of awe that change
forever how we experience life and the world.

— John Milton (1608 - 1674)
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Part I

D E F I N I N G E X P E R I E N C E R E C O G N I T I O N

" Two roads diverged in a yellow wood,
And sorry I could not travel both
And be one traveler, long I stood

And looked down one as far as I could
To where it bent in the undergrowth;

Then took the other, as just as fair,
And having perhaps the better claim,

Because it was grassy and wanted wear;
Though as for that the passing there

Had worn them really about the same,

And both that morning equally lay
In leaves no step had trodden black.
Oh, I kept the first for another day!

Yet knowing how way leads on to way,
I doubted if I should ever come back.

I shall be telling this with a sigh
Somewhere ages and ages hence:

Two roads diverged in a wood, and I—
I took the one less traveled by,

And that has made all the difference."

— Robert Frost (1874–1963)





1
I N T R O D U C T I O N

a central precept of management science is to develop

a comprehensive theory of human decision-making. The choices and
mechanisms which underlie the rationale of decision-makers are an
essencial aspect of management. While the ‘rational-decision actor’
has been successful in modeling, and in bringing valuable insights
into a number of decision scenarios, several studies have made clear
that humans depart from rationality (for recent summaries, see [7, 8,
130]).

Negotiation methods, strategic decisions, leadership styles and po-
licy-making are all subject to the minds which generate them. Are
managers capable of rational decision-making under complex scenar-
ios? [7, 50]. What forms of contextual influence may be present? [10].
What cognitive processes occur in decision-makers’ sense-making and
understanding? [88, 141] What role do analogies play?[49, 69]. How
does memory’s intrinsic characteristics sway one’s perception of a
given situation? [92].

Cognitive science, the study of human information-processing, is
slowly filling the void between the need for formal models of hu-
man behavior and the numerous shortcomings of the rational model.
The computational tools generated through the field’s explorations
into human behavior can provide new paradigms of pattern recogni-
tion, exploratory data analysis, information retrieval, data visualiza-
tion and decision support, all crucial to the aim of decision science.

For example, in the field of business strategy, Gavetti et al. [49, 51]
postulate that choice, in novel environments at least, is guided by
analogy-making. More generally, case studies are a highly popular
tool in business education and their value often hinges on the under-
standing of one situation in terms of another. The literature provides
a number of examples of analogical and contextual reasoning:

1. The chain "Toys ’R’ Us", launched in the 1950s, was
tied to the vision and success of supermarkets (the
chain was effectively called "Baby Furniture and Toy
Supermarket" at a particular point). Afterwards, the
launch of the office store "Staples" was based on simi-
lar reasoning: "Could we create a Toys R Us for office
supplies?" [49]

2. In the 1980s the largest European car-maker decided
to invest heavily in the U.S. market by introducing
a large range of cars that were bestsellers in Europe.
Before this decision, the car-maker had 63% of the im-
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4 introduction

ported car market in the U.S. But the car-maker was
called Volkswagen. The American consumer’s expe-
rience with Volkswagen consisted of the Beetle, an
inexpensive and odd-looking car first sold in 1938.
American consumers rejected the idea of a large, well-
built, modern-looking, powerful and expensive Volk-
swagen. To make matters worse, the company de-
cided to withdraw the Beetle from the market, and its
share of the imported car market in the U.S. dramat-
ically fell from 63% to less than 4%. The exact same
cars were being sold in Europe and in the U.S; the
only difference was in the consumers’ experiences
of what a "Volkswagen" meant. A twenty-thousand-
dollar Volkswagen seemed, to Americans, like a prac-
tical joke. Similarly, "the new Honda" to an American
consumer meant a new car model; to the Japanese, it
meant a new motorcycle [121].

3. Uber, a driver services startup based in Silicon Valley
has experienced stratospheric growth between 2010

and 2016 [3, 136, 148]. Their smartphone ’app’ al-
lows clients to place a trip request, which is sent to
a nearby driver, who is registered on the Uber net-
work of drivers. The company’s phenomenal success
has given rise to a host of other startups using essen-
tially the same business model, but for services other
than transportation. This became known among the
entrepreneur community and media as the "we’re the
Uber for X" [40, 144] model, where a client makes an
ad-hoc order for X (service or product), which is then
quickly delivered to their location.

Decision-makers often obtain strategic insights by understanding
one situation via analogies with another; however, analogy-making
is just one of the subjects from cognitive science that have crossed
the bridge to management science. Neural networks, which can be
placed alongside models of nonlinear regression in general, and more
recently Deep Learning architectures and other models of large-scale
parallel processing, have found use in a number of more traditional
management science domains. Notable among them are credit-risk
evaluation [112], the understanding of new product development [100],
and consumer targeting [79].

Furthering the relevance of this cross-disciplinary exploration, it is
widely known that algorithms developed for cognitive models or ex-
plored in cognitive science (such as neural networks, deep learning,
reinforcement learning and Bayesian learning) are in use today pow-
ering the most advanced tools used in countless aspects of manage-
ment and administration, including targeted marketing and recom-
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mender systems [14], predictive modeling in business strategy [101],
data-driven policy-making [122, 137, 150], financial systems [31, 104],
and many other areas which are vital to business and management.

At this moment the reader may contend that fields such as applied
analytics adopt a “whatever works” approach, and any system would
be adopted if it yielded positive results. Therefore, any overlap be-
tween its models and those of cognitive science would be, deep-down,
incidental. However, this same bottom-line view must also be seen as
signaling, in the same sense, that applications of cognitive architec-
tures are either solving problems that other algorithms cannot, or are
solving them better. In both cases their relevance in applied problems,
be it intentional or not, remains.

Current market events [24, 64, 103, 119, 129] show how the tech-
nology market has clearly signaled that cognitive architectures are
a worthy investment. Better models of cognitive function may pro-
vide essential knowledge in what guides decision-making, memory,
analogy-making and attention, among others. Any system which can
provide better personal recommendations; provide strategies for bet-
ter communication with customers or employees; find ways of hold-
ing clients’ attention; or induce better learning, is a relevant contribu-
tion towards management science. Here we shall explore the under-
lying bases which may allow for such a system to exist.

At first, the skeptical reader might argue that parts of this thesis,
especially Chapter 4, are not usually within the scope of management.
This is a matter of perspective. In Silicon Valley, in different corpora-
tions such as Google, Facebook, Dropbox, etc., I have participated in
the same discussions with high-level researchers and managers and,
from their perspective, these are amongst the pivotal problems in
management today. The study of cognitive-based architectures such
as Deep Learning and techniques such as Hyperdimensional Com-
puting and Random Indexing are now highly funded within all major
companies in the world (not only those involved in software technol-
ogy). As entrepreneur and venture capitalist Marc Andreessen says,
"Software is eating the world" [5]. The cutting edge problems of com-
putational cognitive science have become, in these environments, man-
agement problems. So it is worth repeating that this is a matter of
perspective: there are organizations in which these are not manage-
ment problems, and there are organizations in which these are.

This thesis consists of three independent contributions which seek
to explore the underpinnings of cognitive modeling theory and archi-
tecture. These, as will be argued, may provide new insights not only
into better computational systems as useful tools for management
science, but also a clearer understanding of the human cognitive ap-
paratus.

The following chapter explores and refines a number of proposi-
tions collectively called Experience Recognition (XR). Indeed, the ap-
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plications of a framework guided by the tenets of XR, a framework
first outlined by Linhares and Freitas [91], expanded in Linhares
and Chada [89], and further explored in this text, can potentially
have an impact in online marketing and consumer behavior mod-
els, along with cognitive modeling and computer science; areas of
research which are now more than ever becoming intertwined. As
it is further explored herein, XR may prove a bridge towards bet-
ter decision-support, marketing, and management tools. The chapter
closes in an exposition of inadequacies of current systems, which, if
corroborated, an XR-based system possibly could alleviate.

Chapter 3 introduces RSDM, a cognitive architecture, based on a
highly influential memory model first presented by Kanerva [72],
called SDM. An application of RSDM, which reproduces a construct
from a well-founded psychological theory called spreading activation,
is presented. It is argued that RSDM has the means to assuage a num-
ber of diverging views in cognitive science. The chapter also asserts
that, through spreading activation, RSDM takes a first step as an ap-
plied cognitive model in management science, with potential applica-
tion in recommender systems and other relevant areas.

Chapter 4 builds on the previous chapter, presenting results on
how RSDM can provide a model for neuronal micro-circuitry and dy-
namic neuronal reconfiguration, argued to be central mechanisms
in executive function [48] (which includes working memory, atten-
tional control, inhibitory control and cognitive flexibiliy) and learn-
ing — thus providing a psycho-neurologically plausible architecture
that can reproduce both low-level and high-level cognitive functions
while also able to model the prolific network-theory interpretations
of brain function.



2
D E F I N I N G E X P E R I E N C E R E C O G N I T I O N

no theory is born fully grown and perfeclty shaped.
It must face the trials of experience and time; it must be shaped and
grow from debate, divergence, difficulty and discussion. A good the-
ory is not only robust, it is antifragile [138]. This chapter oulines the
tenets of Experience Recognition (XR), as initiated by previous works
[89, 91], and expands on its definition, further clarifying the theory
and exposing potential applications thereof. Its relevance towards
management and decision-science are discussed and defended.

2.1 introduction : the mind as a pattern recognition

device

If we look at the human mind as a pattern-recognition device, what is
the nature of its pattern-recognizing? And how does it differ from the
majority of pattern-recognition methods we have collectively devised
over the decades?

The study of (static) pattern recognition generally requires a data-
base of known patterns, be it a training set or pre-established hypoth-
esis space. Thus, a system (or theoretical model), given a new pattern,
is faced with the task of classifying it against the database store. While
the field of pattern recognition has brought deeply impactful contri-
butions towards solving some central problems of modern science,
this work argues that, towards the goal of modeling human cogni-
tion, one should favor a similar, but in many ways distinct approach.
This work argues the case that pattern recognition as it is currently
defined, is not a sufficiently accurate reflection of human psychol-
ogy. It focuses on (generally) static, (usually) visible, entities, rather
than the silent, invisible, cognitive process through which we humans
experience our surroundings. Linhares and Freitas [91] have argued
that cognitive scientists place too much emphasis on ’pattern recog-
nition’ — and scarce emphasis on Experience Recognition. The locus of
Experience Recognition, in contrast, is a process through which the
progression of the sensory influx of information is, at any point in
time, mapped against a large store of experiences (or trajectories of
information processing). While there are a number of similarities, the
theory explored here differs in a number of aspects from Predictive
State Representations (PSRs) and from other models which will be
discussed.

Traditional (static) pattern recognition generally consists of train-
ing upon a data set which is presumed to be representative of all the

7



8 defining experience recognition

patterns to be seen, and subsequently classifying every encountered
pattern based on what was ’learned’. One trains the system on a set
of patterns, then one uses the system ’in real life’, i. e. , on the data
that is to be classified, based on the underlying premise that the train-
ing set was a representative sample of the space of possible patterns.
While this can be useful in contained environments where there is
a finite hypothesis space, the prevailing argument is that no sample
can possibly represent the gamut of human experiences.

This can be interpreted as a lightly adapted version of the frame
problem, a well-established concept in cognitive science literature whichframe problem

was first stated by McCarthy and Hayes [95] and further explored by
French and Anselme [45], who discuss in further detail in the same
context as described here. They argue that "in any real-world situa-
tion, there are just too many representations to be considered".

A crude but useful analogy here would be that we show a child
a dog, a bird and a spider, then ask them to classify all other liv-
ing things with no further information. There is no training set that
could completely span the breadth of variance displayed by living
creatures. Humans are capable of inferring new knowledge from in-
duction and composition based on prior experiences. Systems which
can only work on a finite hypothesis space will be, by their very na-
ture, unable to model the breadth of human experience, since there
will always be something ’outside’ the hypothesis space.

Finally, no mind has a ‘learning/not-learning’ switch. We are con-
stantly aquiring, storing and crossing new information with already
stored experiences. While there are systems which can constantly up-
date themselves in light of new data [see 93], these still seem unable
to model the influence of context on the cognitive aparatus. These
systems have yet to show the flexibility to make different predictions
given the same input at different times or circumstances. Moreover,
rarely (if ever) are systems designed to use their own internal states
as input, something which is clearly central to the human experience.

The term context is used in this work meaning "the circumstancescontext

that form the setting for a behavior, statement, or idea, and in terms
of which it can be fully understood and assessed". In the realm of
cognition, context may mean "the recent past that is yet exerting in-
fluence", be it a minute, an hour, or a day.

Dynamic (as opposed to static) pattern recognition, in contrast,
achieves ‘online’ learning, that is, a system adds new data one-at-
a-time, updating its internal state to make better predictions as the
algorithm runs. In such models, every new pattern will update the
model for the next iteration. However, this amounts to a constant re-
training (although incremental) of the model at every time iteration,
adding the pattern seen at time tn to those used to evaluate the pat-
tern at tn+1; and every new pattern, every new experience (e. g. being
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shot vs. having a nice cup of tea) holds equal value in updating the
internal model.

This is a more flexible yet still lacking format, when the goal is
a faithful model of human decision-making. Another crude but use-
ful analogy may be to think of a person that would potentially re-
evaluate their entire life at every new experience, relevant or not.
Again, it intuitively proves to be a clearly implausible model of hu-
man cognition. We humans re-evaluate our experiences under highly
contextual lenses, and most experiences fall by the proverbial way-
side.

Predictive State Representations (PSRs) by Littman, Sutton, and Singh
[93], in turn, define a method for agents to constantly update their predictive state

representationsexpectations of a future state of the environment given current infor-
mation. The difference between prediction and reality is then used in
tuning subsequent predictions. I posit that, while a useful mechanism,
PSR does not encapsulate the interaction between the environment
and the ’agent’ (as a collection of working memory space, long-term
memories and internal processing). Moreover, PSR fails to account for
the internal processing as an input for further prediction, the internal
state is not an input (see French and Anselme [45] for more on why
this matters). In this sense, the agent itself and its own internal states
must be accounted as input in prediction.

It is important to note that pattern recognition, as a field, is orthog-
onal to the pursuit of cognitive science: it is an immensely successful
area of research with countless applied results, and does not hold the
modeling of cognition as a principal (or even secondary, some might
say) goal. We reinforce this notion by adding that the vast majority
of pattern recognition models do not address fundamental issues of
human decision-making, nor should they. Furthermore, we invoke
pattern recognition here in order to address the fact that a number
of research endeavours in cognitive science (see examples in [29, 55–
57]) employ models and arguments that display characteristics and
techniques of static pattern recognition.

Computational models based on (static or dynamic) pattern recog-
nition usually are i) context-free (see the definition above); ii) temporal-
sequence-independent, i. e. , the order in which patterns are presented
does not affect the end result; iii) free of long-term memory biases, i. e.
, there is no ’forgetting’ and there are no early memories of encom-
passing influence; iv) do not utilize their own internal state as an
input, and v) consider every input as having equal weight (which can
be seen as a generalization of number iii).

In other words, the current pattern being processed is (typically)
not affected by the previous one(s) seen; the temporal sequence of
patterns the system has acquired is (usually) irrelevant; and there are
no developed biases: one pattern is as good as any other. Past trajecto-
ries of information processing do not seem to affect future processing
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to a large extent (other than, perhaps, incremental adjustments in pre-
selected internal parameters). These characteristics seem to hold for
the large majority of methods appearing in leading academic journals,
such as IEEE Transactions on Pattern Analysis and Machine Intelligence.
One notable exception (to numbers i, ii and iii above) are he already
mentioned predictive state representations [93] which seem to be the
closest approach to the one outlined here.

With these aspects in mind, I can postulate that the mind’s pattern-
recognizing has enormous path-dependence. In social science literature,path-dependence

path-dependence is defined as a self-reinforcing, positive feedback
process, characterized by Pierson [111] as follows:

"1. Unpredictability. Because early events have large effects
and are partly random, many outcomes may be possible.
We cannot predict ahead of time which of these possible
end-states will be reached.

2. Inflexibility. The farther into the process we are, the
harder it becomes to shift from one path to another. In
applications to technology, a given subsidy to a particu-
lar technique will be more likely to shift the ultimate out-
come if it occurs early rather than later. Sufficient move-
ment down a particular path may eventually ‘lock in’ one
solution. .

3. Nonergodicity. Accidental events early in a sequence do
not cancel out. They cannot be treated (which is to say,
ignored) as ‘noise’, because they feed back into future
choices. Small events are remembered.

4. Potential path inefficiency. In the long run, the outcome
that becomes established may generate lower payoffs than
a foregone alternative would have. The process may be
path inefficient." [111, p.18]

Its application as a mechanism of understanding processes has
been shown in various fields, such as social science and politics [111],
learning, and economics [9].

It is intuitive to view the mind’s information-processing as highly
path-dependent: someone who has experienced trauma is intrinsi-
cally different from someone who has never experienced it, yet is
about to. And of course we are also strongly dependent on shared ex-
periences: bound by taboos and customs, social norms, political insti-
tutions, formal and informal power (and status) structures, and other
constructs which shape our interpretation of every context. [139].

Beyond path-dependence, in the scope of the individual, priming
studies and studies from the heuristics and biases school show the
enormous extent to which we are context-bound [1, 10, 131, 141, 142,
149]. Note that, in this sense, and as defined previously, the concept
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of context is fundamentally different from that explored in standard
vector-space models such as Latent Semantic Analysis [30]. The defi-
nitions are perhaps similar in that they both denote surrounding as-
pects: Deerwester et al. [30] use it in describing: "In different contexts
or when used by different people the same term (e. g. ’chip’) takes
on varying referential significance". Again, in the present text, context
implies the recent past which brings about an internal state in the
cognitive apparatus, as we will explore further on.

This work postulates that the mind’s pattern-recognizing is dynam-
ically self-organizing, constantly creating and releasing constraints
for further exploration: a process capable of molding itself. This flexi-
bility and its potential neural bases will be further explored in Chap-
ter 4.

an aside : the complexity of chunks hypothesis . Recently,
the field of graph redescriptions in theoretical computer science has
shown how all computation can be seen as transformations in graphs.
Perhaps chunks, a basic ’unit of memory’ [27, 96] (further defined
in Section 3.3), if viewed in graph theoretical terms, are complex,
with multiple hierarchical levels of description, and becoming increas-
ingly difficult to cleanly tease apart from one another. It is possible
that chunks have considerable overlap; encoding much more than the
visible localist (i. e. atomic) superficial information (type, size, color,
etc.). Linhares [85], Linhares [87], Linhares and Brum [88], Rehling
[120] and Hofstadter and FARG [68] have proposed, for instance, that
chunks encode abstract roles, and that chunks may also also encode
intention. If chunks are sparse or easily clustered, like prisoners self-
organized into different gangs or students into cliques, it might be
easier to separate them for analysis. If they are dense, however, then
attempts at a clean demarcation may be counterproductive.

The idea that chunks may contain highly abstract features and have
a complex topology stems from the computational school in cogni-
tive science that — as opposed to Fodor’s claims of “modularity”
— postulates that there can be no “perception” module. This school
proposes that there is no vision, or any other sense for that matter,
without interpretation — and the interpretation process is both cul-
turally and contextually dependent, indeed intrinsically so [21, 42–44,
84], also [68, 69, 86].

Section 2.2 delineates the idea of process oriented modeling; and
Section 2.3 discusses an example of a divergence between human
information-processing and pattern-recognition algorithms. Section 2.4
specifies and proposes Experience Recognition as a new framework
for cognitive modeling. Section 2.5 discusses limitations of the field of
computational pattern recognition as currently defined in computer
science, why these preclude their plausibility as applied cognitive
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models, and closes providing a clear example of its misapplication
to online marketing via contextual ads. The final sections summarize
the contributions proposed in the text. The chapter closes with some
final remarks on possible future applications of Experience Recogni-
tion and their expected outcome; and the direction of future research
in XR.

2.2 process oriented modeling

One can informally define all the possible future information-process-
ing pathways of an agent at any given point in time as an “information-
processing cone”. As a thought-experiment, let such a cone express allinformation--

processing
cone

possible courses of interpretation and subsequent action by a decision-
maker, and thus the entire space of causal reaction by that decision-
maker. If one considers that each different possible interpretation
within this cone has its own probability, the match between these
probabilities and stored experiences may be seen as relevance within
that information-processing cone. Within it, the most probable op-
tions are clearest when considered/undertaken. In this context, weunderstanding

can define understanding (used here as the apprehension of the sig-
nificance of, causality of; or the possession of a meaningful anticipa-
tion in regards to) as relevance within an information-processing cone.

A choice-maker with a narrow cone is focused. They ignore and/or
discard all alternative interpretations of a situation in favor of one (or
a few), seen as preferable. Meanwhile, a choice-maker with a wide
cone has many branching possibilities. In this latter, ’wide-cone’ case,
they are able to glimpse numerous pathways, that is, to consider a
wider range of choice in reaction to a certain snapshot of stimuli.
The range of possibilities (i. e. how wide the cone is) and their associ-
ated probabilities (i. e. how clearly we understand a scenario) reflects
what is called temperature of the system at a given point in time; a sys-temperature

tem with high temperature has a wider range of possibilities than a
system with a narrow range, and the probability of each scenario un-
der consideration is spread throughout. This mechanism is present in
models contained in Hofstadter and FARG [68], French [42], Marshall
[94] and Mitchell [99].

Hofstadter and Mitchell describe how "as the system acquires more
and more information, it starts creating a coherent viewpoint and
focusing in on organizing themes. The more informed the system is,
the more important it is that top-level decisions not be capriciously
made" [68, p. 228]. It is worth noting that this definition diverges
from that of a Bayesian hypothesis space, in that there is a constantly
mutating hall of possibilities that may or may not be included in the
cone, as it widens or narrows in response to stimuli.

Given a representational state at any point in time, the distribu-
tion of probabilities of the set of possible future states of a cogni-
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tive system define its understanding, that is, its level of meaning-
ful anticipation. This notion is close to the memory-prediction frame-
work sketched by Hawkins and Blakeslee [59], and Littman, Sutton,
and Singh [93]’s Predictive State Representation. Understanding is not
a property of a particular state, of a particular representation, or of a
particular chunk. Understanding is a property of a process.

Internal encoding should take precedence to raw external data (pat-
terns) — this is the main argument of Linhares and Freitas [91], upon
which this chapter expands. A war movie will bring different expe-
riences to a veteran who has seen combat, than the experiences of
other movie attendees: The same stimuli, not counting metrics of un-
derstanding, can lead to vastly different experiences in individuals.

2.3 xr : simagin’s blunder and information-processing

trajectories

If the human mind is to be seen as a pattern-recognition device, what
kind of pattern-recognition task is it accomplishing? What insights
for future computational models can we gather from an experience re-
cognition viewpoint? Modelers should strive for pattern-recognition
that is i) highly path-dependent, ii) prioritizes internal encoding over
external data, and iii) anticipates and utilizes the adjacent possible: the
continuous cognitive process of anticipating multiple subconscious
counterfactuals, and being surprised when the expectations are bro-
ken by an unanticipated state [75].

Concerning computational models, two additional ideas seem valu-
able: firstly, we should strive for theories of process. Secondly, we
should focus analysis and comparisons on the information-processing
pathways (not on final outputs that match/surpass human subjects).
We expand on these concepts in this and the following sections.

If one’s objective is to create a world chess champion computer —
as it had been for the AI community for 50 years — how could we
evaluate progress towards that goal? How could we know whether a
new proposal was a scientific advance? How much can be gained by
specific hardware, by a new pruning strategy, and so on? The histor-
ical answer has been to look at results obtained, in terms of quality
of play. Hence, most research has been results-oriented. Yet, the cri-
teria for measuring advances in psychologically-plausible, cognitive,
models should be process-oriented, as opposed to output-oriented.

For an example from the domain of chess, consider the example
in Figure 1. This denotes what is meant by information-processing
trajectories: could a tree-searching computer fall for Simagin’s blun-
der? Since this is a ’shallow’ mate in three, there is no computer pro-
gram of the tree-search paradigm that would fall for such mistake; as
a small tree search leads to perfect play. But would its information-
processing cone reflect Simagin’s thought process?
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Figure 1: Batuyev versus Simagin, in Riga, 1954. Black to move. Simagin, a player of extraor-
dinary skill, playing black, committed a blunder which no tree-searching machine ever would.
With material advantage of a passed pawn, it seemed that Simagin could handle a winning
endgame. However, in a rush to promote, he played pawn to e2. Since his advantage consisted
on the passed pawn, one can only resonate with Simagin’s attempt to promote. This led to a
mate in three: white queen to g1 check, king escapes to d2, white queen to c1 check, king
escapes to d3, queen to c3 checkmate.

Vladimir Simagin’s clear advantage resided in having a passed
pawn, that is, a pawn that no other pawn can stop from queening.
Because of this, he was primed to promote it. The overconfident rush
towards promotion shaped his information-processing cone into one
much narrower than the computer’s cone; that is, a cone that did
not include (i. e. foresee) the opponent’s imminent opportunity for a
checkmate. Under the definition of understanding as relevance within
an information-processing cone, we can say that a computer’s ‘under-
standing’ of the combinatorial landscape involved in this scenario,
however unnatural, would surpass Simagin’s: there was a highly rele-
vant adjacent counterfactual that Simagin overlooked and a machine
wouldn’t.

In this type of scenario, the computer resembles an automatic as-
sembly line, diligently working on each required step, ad nauseam.
In this case, the machine would consider each possible move and
its ramifications with equal care. The chess player’s process, on the
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other hand, resembles craftsmanship; gradually converging into an
interpretation of the situation or, in this case, hastily finishing a job,
and seeing the piece ruined. And, as soon as the blunder is made, it is
perceived. The realization of inevitable defeat, the response from an
overlooking audience, and a host of other questions far beyond the
combinatorics of chess, becomes inevitable. This shift of focus back
to the real world cannot be accomplished by the machine, and while
it is wired up in a form that understands the combinatorics required
to win, it does not understand what ‘to win’ means, or what ‘un-
derstanding the combinatorics’ means—these are states outside of
its adjacent possible, and are not encompassed in its information-
processing cone. While this may sometimes prove an advantage (as
shown) it does not accurately model the process or the results of cog-
nition.

A static state in time can represent an anticipation of adjacent coun-
terfactuals, but it is the process in which these anticipated counter-
factuals change through time, the process of creation and removal
of constraints of the information-processing itself, and the relevance
of these adjacent counterfactuals, that should define whether or not
a model is psychologically plausible. Cognition anticipates the ad-
jacent possible using solely chunks, combinations of chunks, and
knowledge of the different forms in which chunks may bind to each
other: linear, hierarchical, 2-dimensional, 3-dimensional, circular, etc.
In other words, the adjacent possible is wholly subjected to experi-
ence and inductive capacity. Path-dependence molds the information-
processing cone by creating and releasing constraints into the next
cycle of anticipation of the adjacent possible.

Path-dependence and the constant molding of the adjacent possible
bring us to some questions we propose should be addressed in evalu-
ating whether cognitive (computational) models have a semblance of
Experience Recognition: contextual influence, influence of long-term
experiences, domain-dependence, temporal-dependence and the abil-
ity of a model to readily self-criticize and dynamically self-organize
(as one conjectures Simagin must have gone through).

2.4 methodological desiderata for xr

There are at least five questions to probe the path-dependence of
a cognitive computational model’s reflection of Experience Recogni-
tion:

i. The information-processing cone must be “context-influenced”. A stim-
ulus is never seen outside of a context. From anchoring to avail-
ability to framing, humans are incontrovertibly subject to strong
influence from context. The ubiquity and enormous influence of
priming is a noteworthy example: Williams and Bargh [149] con-
ducted a striking experiment, in which subjects were asked to
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interview a person and decide whether or not the person should
be hired. The experimental setting had the subject meeting with
a researcher, and both going up in an elevator to meet the inter-
viewee. Inside the elevator, the subject was casually asked to hold
a warm cup of coffee, or a cold cup of iced tea. The results im-
ply that the physical sensation of warmth experienced during the
brief moments in the elevator transfers to interpersonal warmth
in evaluating a stranger: subjects that held a cold iced-tea cup
were less likely to recommend hiring the interviewee. Context
may radically alter the adjacent possible and each experience is
interpreted in highly context-sensitive manner, be that context
consciously acknowledged or not.

ii. The information-processing cone must be influenced by long-term ex-
periences. Imagine a one-year old baby, laying down, and staring
up. What would be in its field of view? Due to the availability
heuristic, many readers are likely to imagine a room, toys, a cra-
dle, walls and a ceiling, doors, windows, cabinets, and so forth.
Yet, because the reader is very likely to come from a Western, Ed-
ucated, Industrialized, Rich, and Democratic background—or, as
Henrich, Heine, and Norenzayan [62] put it, “the WEIRDest peo-
ple in the world” — caves, igloos, dense forests, ant trails, deserts,
or houses made with straw, such as those from the Atr Tribes
of Eritrea, are unlikely to be imagined. At this very moment, a
large number of babies are most likely viewing things we can-
not imagine — and such experiences will profoundly shape their
psychology.

In practice, consider visual illusions, such as those of depth per-
ception. The Ponzo illusion superimposes two lines of exact same
size over the background of a “train track” (see Figure 2), and,
unsurprisingly, we tend to see the lines with different sizes: for
our entire lives, we have lived in a carpentered world, with right
angles at walls, doors, windows, cabinets, television sets, com-
puter screens and keyboards, tables, roads and streets, buildings,
books and articles, and so forth. Our experience has taught us to
use these angles to see perspective, so that objects "farther away"
in our projection must be larger if they have the same size in their
light projection.

This is not universal, however. Those from extremely different
backgrounds, who have lived most of their lives in a world that
is not carpentered, do not fall prey to such illusions, and can
point out that the Ponzo illusion lines do have similar size [127].
In fact, Frederick [41] shows how people with lower IQ are less
susceptible to such illusions. Henrich, Heine, and Norenzayan
[62] explain:
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“...these findings suggest that visual exposure during
ontogeny to factors such as the “carpentered corners”
of modern environments may favor certain optical cal-
ibrations and visual habits that create and perpetuate
this illusion. That is, the visual system ontogenetically
adapts to the presence of recurrent features in the local
visual environment. Because elements such as carpen-
tered corners are products of particular cultural evo-
lutionary trajectories, and were not part of most envi-
ronments for most of human history, the Müller-Lyer
illusion is a kind of culturally evolved by-product.” .

For some people, there is no illusion. The exact same pattern pro-
jected into different eyes can create vastly different representa-
tions. A converse version of this statement also holds: extremely
different patterns can, through analogy, create strikingly similar
psychological experiences. The authors in [42, 68, 69, 99] study
this issue in depth.

iii. Not all experiences are the same. People can develop a choice set
skewed towards some options (or against others). At the extreme,
opiates (or the stimulation of the pleasure centers of the brain)
rapidly become addictive, causing a shutdown of most alterna-
tive options of behavior that detract from further stimulation.
At another extreme, people face strongly negative experiences,
which can induce irrational overestimation of its chances and
enormous effort in order to avoid a recurrence. At the very least,
experiences should lie somewhere between undesirable, indiffer-
ent, and desirable. As we seem to be far from a information-
processing theory of emotion (or of pain or pleasure), the is-
sue here is not that traditional pattern-recognition systems can-
not be strongly influenced by a new pattern. The issue is with
claims that pattern-recognition systems be used to reflect human
psychology. (Section 2.5 will show how some current pattern-
recognition systems can generate extremely inappropriate results,
from a human viewpoint.)

iv. Knowledge and behavior are domain-dependent. Consider Wason and
Shapiro’s [146, p. 64] selection task: given a set of four cards, with
numbers on one side and letters on the other, and a rule, such as
’every card which has a vowel on one side has an even number
on the other side’, subjects find it difficult to select which cards
should be turned to test the rule. If, however, the same logical
test is applied in a setting in which subjects have experience, the
task becomes ’trivial’ (i. e. ’underage students cannot drink alco-
hol’ leads to the correct test of those drinking alcohol and those
underage). The exact same logic underlies both problems, yet, if
presented within a setting in which we do not have experience,
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less than 10% of subjects respond correctly. Lack of experience
is a lack of chunks; or, as Wason and Shapiro [146, p. 70] write:
“The abstract material has no unifying link: each card is distinct
and separate rather than being parts of a whole.”

The university is one domain, while real life is another. Kahne-
man and Tversky have famously shown how even professional
statisticians, when detached from the classroom, fall for basic
probability biases. Frederick [41] found that numerous university-
educated people prefer 100% chances of $500 to a 15% chance of
a million dollars—breaking the ‘expected utility’ viewpoint by
many orders of magnitude.

The implication for cognitive models seems clear: experience ac-
quired in a contextual setting does not immediately transfer to
other domains. It takes work to create the analogies and metaphors
that will provide the necessary parallels between domains. This
conclusion is anathema to many computational models, such as
Newell, Shaw, and Simon’s ‘General Problem Solver’ system [102].

v. The time dimension is necessary, but not sufficient. While it is pro-
posed that the temporal dimension is crucial for analysis, it is
not, by itself, sufficient. There are numerous computational mod-
els that deal with patterns changing through time; for instance in
pattern recognition for videos or sound waveforms, also the work
of Littman, Sutton, and Singh [93]. However, the main concern
here is how the internal processes, representations and mental
states evolve in time; how they are affected by prior experiences
and how they could have evolved. When we parse a phrase like:

"Prostitutes appeal to Pope."

There is a temporal dimension to our processing in which we
deal with the cognitive dissonance of such a phrase, and re-parse
it. The first interpretation brought to mind is clearly untenable;
the adjacent possible demands that we reject large amounts of
previous knowledge. Here one is forced into an interpretational
’double-take’, the original input must be re-parsed, taking into
account that the most likely pattern is to be explicitly ignored
and rejected. Any temporal model will require input from long-
term memory and context to process the above example. This can-
not be achieved through temporal pattern-recognition alone. This
temporal processing is different from the application of pattern-
recognition methods to temporal data.

Furthermore, the temporal aspect must not be simply translated
into adaptability within the model. Here one posits that the inter-
pretation of the current pattern (say, at time t) must be most influ-
enced by the most recent patterns experienced (t− 1, t− 2. . . t−
n). A quick visual of this process would be the old children’s gag,
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where you ask the subject to say the word ‘fork’, then ask them
to say it again and again, out loud, at least ten times, then you
ask: ‘What do we use to eat soup?’. The idea is that the repetition
of the word ’fork’ will activate the concept enough that it will
cause the subject to automatically respond with ’fork’, although
the appropriate answer to the final question is ’spoon’. Another
version has the subject say the word ’toast’ ten times, then ask
’what do we put in a toaster?’ (the answer is ’bread’). While this is
fairly straightforward to simulate in certain computational mod-
els (such as connectionist models), we believe it remains essential
in any experience recognition model.

Figure 2: Ponzo Illusion – horizontal lines
have same size.

Some models have employed the
concepts which partly fill the pro-
posed characteristics. Recent mod-
els which address episodic mem-
ory and bias acquisition in cog-
nitive systems potentially incor-
porate path-dependence, context-
and-domain-dependence and the
considerable influence of previ-
ous experience, though none all-
at-once. For examples see [77, 78,
94, 117, 143]. The reader may note
also that these points resemble
Piaget’s [109, 110] notion of the
assimilation–accommodation cycle.
For more, see also the discussion in [71, p. 29].

2.4.1 Affordances as a basis

Gibson’s seminal work on vision [53] describes the theory of affor-
dances as an interaction between properties (physical properties of
things, properties of the environment, properties of events) and the
observer. Affordances cannot be specified or measured strictly via affordances

the laws of physics, since they require a relation to an observer. The
flat surface of the water in a still pond does not afford support to
a human, but it does to a small spider. The author’s main focus is
to define a theory for visual perception opposing the view that an
interpretation based on visual glimpses can provide answers. In fact,
Gibson proposes that “perception of the environment is not based on
a sequence of snapshots but on invariant-extraction from a flux” [53,
p. 304]. It is the flow of information between observer and observed,
allowing the extraction of invariant properties.

However, the author provides tools for the interpretation of all per-
ception and interpretation: “The notion of invariants that are related
at one extreme to the motives and needs of an observer and at the



20 defining experience recognition

other extreme to the substances and surfaces of a world provides a
new approach to psychology”.

Furthermore, he is careful to point out that an affordance does not
change as the need of the observer changes, that is, the relation exists
even if it is not realized, as opposed to the gestalt-based phenomenal
relation. The ledge of an abyss affords the property of ‘falling-off-ness’
even if we do not experience it or realize it. A person may misperceive
the affordance of a sheet of glass and walk into it. However, the au-
thor cautions that even at the highest level (speech, writing, pictures),
no matter how powerful the affordances of human behavior become,
they “still have to be perceived” [53, p. 137]. Here is where I would
add they still have to be perceived ‘as such’. Lastly, Gibson explains:

“The theory of affordances rescues us from the philosoph-
ical muddle of assuming fixed classes of objects, each de-
fined by its common features and then given a name. As
Ludwig Wittgenstein knew, you cannot1 specify the neces-
sary and sufficient features of the class of things to which
a name is given. They have only a “family resemblance.”
But this does not mean that you cannot learn how to use
things anfd perceive their uses. You do not have to classify
and label things in order to perceive what they afford.”

Summarizing this chapter’s contribution to the work initiated by
Linhares and Freitas [91] and continued by Linhares and Chada [89]:
If an affordance is a relation between the observer and the observed
(environment, object, event, etc), then our experience is based on per-
ceived affordances. In the example, Simagin’s game afforded him de-
feat, though he was not able to see. Closing the loop, Experience Re-
cognition is based on a path of perceived affordances.

The next section illustrates that it is possible to have high-quality
pattern-recognition and low-quality experience recognition. This not
only emphasizes the distinction between the two concepts in an ap-
plied scenario, but exemplifies a domain in which static pattern-re-
cognition can be crucially orthogonal to experience recognition, and
illuminates a field which would greatly benefit from the fruition of
XR-based systems.

2.5 high-quality pattern-recognition and low-quality

experience-recognition.

It is possible to have high-quality pattern recognition and low-quality
experience-recognition. In other words, humans would be able to per-
ceive a high-quality matching of patterns, simultaneous with a lack
of understanding of at least one of the principles pointed out above

1 Emphasis present in the original work.
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(context-sensitivity, desirability, domain-dependence, and the tempo-
ral dimension). A natural domain in which this arises is in the indus-
try of contextual advertising.

Evans [34] shows a clear example of how network effects favor
a winner-take-all industrial organization: Google, the market leader,
has more pageviews, more advertisers (and hence a greater advertise-
ment inventory). By comparing the results of a search for “Germany
SIM cards”, for instance, 8 out of 10 of Google advertisement inserts
are directly relevant to the search, contrasted to only 2 out of 10 from
Microsoft’s system (as of this writing). One is then led to conclude,
intuitively, that search-ad platforms with more advertisers will gener-
ally deliver more relevant advertisements to the searcher. This should
raise the incentive for advertisers to stick with the market leader. No-
tice that this higher advertisement inventory effect is not only tied
to web searches, but also to inserts placed on webpages. Google’s
massive access to web pages tends to increase their advertisement
scope and relevance. The work mentions, in addition, that “like mod-
ern finance, online advertising relies heavily on advanced economic
and statistical methods.” Economic models (such as auctions) deter-
mine specific keyword advertisements pricing, while statistical meth-
ods are used for the automatic insertion of advertisements.

Targetted contextual advertising has been a topic of increasing sci-
entific and technological importance [13, 22]. A growing number of
studies and patents are dedicated specifically to ad-placement e.g.
Henkin et al. [61], Agassi et al. [2], Bhatnagar and Papatla [13].

Figure 3: State-of-the-art pattern recognition can yield inappropriate experiences. Le Monde
presents some of the first reports of the AF447 tragedy: an Air France flight from Rio de
Janeiro to Paris collapsed into the Atlantic, in June 2009. Three selected advertisements from
Korean Air are displayed, with soothing messages such as “le monde est ma destination” or
“excellence in flight”. Not only should the ads not be present next to this article, the message
is wholly infelicitous.

In contextual advertisements, a webpage with baby-care content
should not carry advertisements for sophisticated violins, pig medi-
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Figure 4: CNN reports the Virginia Tech Massacre. An advertisement on display reads “even
when empty, it’s fully loaded”. Completely inappropriate in the context of a gun-violence
tragedy.

cation, or SIM cards in Germany. There very little likelihood that the
reader of such a webpage will have an a priori interest in violins.
Even if that is the case, in the particular "baby-care" primed state in
which readers may find themselves, their interest in violins will be,
in all likelihood, considerably diminished. Contextual advertisement
by pattern-recognition systems automatically select an advertisement
that should, in principle, maximize revenue—by maximizing rele-
vance for users. Yet, they can be extremely inappropriate. Despite
being relatively rare, these inappropriate inserts might still occur in
large absolute numbers due to sheer number of daily advertisements
displayed on the web.

2.5.1 Examples of inappropriate advertisements

As examples of high-quality pattern recognition, and low-quality Ex-
perience Recognition, we refer readers to Figure 3, Figure 4, Figure 5,
Figure 6, and Figure 7. These examples demonstrate advertisement
systems that are able to produce high quality pattern-matching, while
being oblivious to the inadequacy of the construed meaning. Billions
of dollars are spent in these high-quality pattern-matching systems,
yet they occasionally present incredibly inappropriate ads. Despite
the name ’contextual’ advertising, these messages are oblivious to
context.

2.6 conclusion

As a theory, Experience Recognition hopes to model the influence of
an evolution of affordances, as defined by Gibson [53], on the realm of
possibilities that an individual mind is able to process and consider,
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Figure 5: The Washington Post reports that the late Steven Jobs, CEO of Apple, announces a
leave of absence due to his cancer treatment. An advertisement starts with the message that
“Jobs become obsolete. Talent doesn’t.” The intended meaning of the advertisement is clearly
orthogonal to the story, yet the pattern-matching system is unable to perceived the inadequacy
of the construed meaning, a connection which is inferred by humans in a matter of seconds.

be it a corporate decision-maker, child, or researcher . The scope of
our thought is constantly and dynamically constrained and expanded
by our affordances. Moreover, the capacities of the human cognitive
apparatus are dependent on the path of affordances it has experi-
enced. This summarizes the contribution of this chapter towards the
Experience Recognition approach to cognitive modeling.

Experience Recognition seems a natural convergence of a number
of previous ideas and models, including: Hofstadter’s analogy at the
core of cognition [67], Klein’s recognition-primed decision framework [81],
Hawkins and Blakeslee’s hierarchical temporal memory [59], and, to a
lesser extent, Saariluoma and Kalakoski’s view of apperception [123],
and closely related to the underlying concepts of Predictive State Rep-
resentations [93]

This chapter has further defined the theory of Experience Recog-
nition originated by Linhares and Freitas [91] and explored by Lin-
hares and Chada [89]. It focused and further delineated its definition,
elucidating the theory and presenting potential applications. Its rele-
vance towards management and decision-science was discussed and
defended.
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Figure 6: A story questions whether a cell phone battery blast killed a man in South Korea. The
contextual advertisement on display is for a cell phone named “Samsung Blast”. The keyword
match is clear for the algorithm, but the unbecoming context is outside its capacities.

Figure 7: The news reports on the horrific event of a child’s death in a house fire, while the al-
gorith places the ad for a compact disc burning device with the atrocious (given the placement)
line "Burn baby. Burn!".
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2.7 chapter epilogue

With this theoretical framework defined, Part ii endeavours at more
practical contributions:Chapter 3 introduces a cognitive framework
called Rotational Sparse Distributed Memory (RSDM), based on Sparse
Distributed Memory. It is briefly posited that RSDM may provide a
neuro-psychologically model which is a path towards further con-
firming or denying the utility of Experience Recognition as a frame-
work for cognitive modeling. However, the principal goal of the inde-
pendent explorations of Chapter 3 and Chapter 4 is to establish and
defend the relevance of RSDM towards the cognitive, decision-, and
neuro- sciences.





Part II

R O TAT I O N A L S PA R S E D I S T R I B U T E D M E M O RY

"What lies behind you and
what lies in front of you,

pales in comparison
to what lies inside of you."

— Ralph Waldo Emerson (1803–1882)





3
S Y M B O L I C A C T I VAT I O N S P R E A D I N G I N A
V E C T O R S PA C E M E M O RY

this chapter introduces the Rotational Sparse Distributed
Memory (RSDM) framework, based on SDM. It describes a contribu-
tion to assuage the distributed/localist debate in cognitive science.
It also contends that RSDM is a relevant architecture to the ends of
cognitive science as a whole. Then, an applied example of RSDM is
demonstrated instantiating semantic networks with spreading activa-
tion, a powerful cognitive architecture and a useful technique in rec-
ommendation systems for online marketing. The chapter closes with
a discussion of RSDM’s potential and future directions in research.

3.1 introduction : sparse distributed memory

Sparse Distributed Memory was developed by Kanerva [72]. It consti-
tutes a memory model in which data is stored, in distributed fashion,
in a vast and sparsely populated binary address space. As opposed
to a traditional computer memory where each memory slot has an
address, in SDM, a collection of instantiated slots act as address de-
coders, simulating a much larger memory.

SDM’s address space is defined as a binary vector space {0, 1}N.
Thus, it allows 2N possible locations, where N defines both the word
length and the number of dimensions of the space (e. g. the mem-
ory holds binary vectors of length N). This way, the data stored is
the same as the medium in which it is stored, in other words, the
memory data are N-bit binary vectors being stored in N-dimensional
binary addresses. We will differentiate between the two in that the
instantiated address decoders are to be called hard location (HL), or
neurons, or addresses as the context requires, while the full virtual
space will be called memory items, items, elements, concepts, or bit
strings (BStrs) — again according to context.

SDM uses Hamming distance [58] to gauge the distance between
any two N-bit vectors. Hamming distance can be intuitively defined
as the number of positions at which the corresponding bits on the
compared bitstrings are different. The distance between 00001b and
10101b is two, since positions one and three (reading left-to-right) are
different.

With the Hamming distance as a metric, the average distance be-
tween any two points in the space is given by the binomial distri-
bution, and approximated by a normal curve with mean at N2 and
standard deviation

√
N
2 . Given the Hamming distance and a large N,

29
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the distance between any two points for the overwhelming majority
of the space lies close to the mean. We can consider that a distance
that is close to the mean signifies that almost any two bitstrings cho-
sen at random will be orthogonal to each other, i. e. their distance will
be N2 . This is the first important characteristic of the model since, un-
less explicitly connected by some other mechanism, any two concepts
stored in memory are statistically completely orthogonal. As this text
will show, there is a very simple mechanism which allows this con-
nection to be established between any two concepts stored in the SDM,
which is the main contribution of RSDM.

For large N (such as N > 100), it is impossible to physically instan-
tiate every address of the space. It is here that Kanerva’s insights
concerning sparseness and distributed storage/retrieval come into
play: 220 — or a number around one million — physical (instantiated)
memory locations, called hard locations, enable the representation of
a large number of different bit strings. Items of a high-dimensional
space with, say, 21000 addresses can be stored in a mere 220 ≈ 106
hard locations. As foreshadowing, the reader may draw the apt anal-
ogy of a finite number of neurons capable of storing and executing all
human behavior and thought. For proportion, it is estimated that the
adult human brain holds approximately 1011, that is, approximately
236.54121 neurons.

The disparity between the number of HLs and the size of the ad-
dress space means that every single item is stored in several hard loca-
tions, and must, likewise, be retrieved in distributed fashion. Storage
occurs by distributing the item in every HL within a certain thresh-
old ‘radius’ given by the Hamming distance between the item’s ad-
dress and the associated hard locations. Different threshold values
for different numbers of dimensions are used (the original work used
N = 100; 1, 000 and 10, 000 as example dimensions). For N = 1, 000,
the distance from a random point of the space to its nearest (out of
the one million) HLs will be approximately 424 bits [72, p. 56]. In this
scenario, a threshold radius of 451 bits will define an N-dimensional
access sphere containing around 1, 000 hard locations. In other words,
from any point ζ of the 21,000 space, approximately 1, 000 HLs (of the
220 that are instantiated) lie within a 451-bit distance. All of these
accessible HLs will be used in storing and retrieving whatever datum
may be at virtual address ζ.

Here it is worth noting that SDM may be content addressable or not.
In effect, the datum ζ may be stored at virtual location ζ, or it may be
stored at some other location υ. In fact, the same SDM, may contain
both kinds of data, having some nodes holding content-addressed
data, and others holding different data (e. g. ζ@ζ vs. ζ@υ). We will
take advantage of this fact later on, in modeling RSDM.

A brief example of a storage and retrieval procedure in SDM is in
order: to store an item x at a given (virtual) location ζ (in sparse
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memory) one must access every HL within the access sphere of x and
store the datum in each one. hard locations each carry N counters, or
adders, one for each dimension. To store a bit string x at a HL φ, one
must iterate through the adders of φ: If the ith bit of x is 1, increment
the ith adder of φ, if it is 0, decrement it. Repeating this for all hard
locations in x’s access sphere will distribute the datum x throughout
the hard locations.

Retrieval of data in SDM is also collective and distributed: to retrieve
the contents of an activated (virtual) address, the adders from each
hard location in range (i. e. within the access sphere) must be polled.
One collects the values of each adder from all the HLs within range,
assigning the ith bit of the response bit string as a 1 or 0 if the sum of
all the adders at the ith position is positive or negative, respectively (a
coin is flipped for a result of 0). Notice, however, that this information
in itself is meaningless and may not correspond to any one specific
datum previously stored.

In other words, to read from a location ζ in the {0, 1}N address
space, one must activate all the hard locations in the access sphere of
ζ and gather the sum of the adders at each bit position. The resulting
datum will be the sum of all activated hard locations’ adders’. If, for
the ith bit position, the sum of all bit adders is positive, the final read
datum’s ith bit is set to 1, otherwise to 0. Thus, “SDM is distributed
in that many hard locations participate in storing and retrieving each
datum, and one hard location can be involved in the storage and
retrieval of many data” [6]. In the case of a result of 0 that bit position
is chosen at random (a ’coin flip’).

All HLs within an access radius of ζ provide, collectively, the da-
tum stored at ζ. Note Figure 8a, for an illustration of this concept.
Note also that this process can be iterative. If the address obtained
is somehow incomplete, corrupted, ambiguous (due to some bit po-
sitions having to be chosen at random) or has no information stored
on it, it provides a new bitstring, which will activate a new access
radius of hard locations to (possibly) converge to the desired original
datum (see Figure 8b). For a deeper study of the iterative process and
convergence in SDM, see [17, 80].

3.2 relevant cognitive characteristics of sdm

As mentioned, SDM has the characteristic that nearly any two bit-
strings at random are around N

2 bits distant, that is, they are orthog-
onal in the N-dimensional binary vector space. This makes it a pro-
pitious reflection of two facts about the organization of human cog-
nition: orthogonality of random concepts, and close paths between
random concepts:

Orthogonality of random concepts: I posit that the vast major-
ity of concepts in any human is orthogonal to all others. Con-
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(a) hard locations pointing, approximately,
to the target bit string.

(b) Iterative convergence to-
wards a target bit string

Figure 8: Characteristics of SDM — used from Brogliato, Chada, and Linhares [17], with per-
mission.

sider any random sample of concepts not related to cognitive
science blurted out by a number of people during a cognitive
science seminar, yet brought about by conscious thought: birth-
days, boots, dinosaurs, fever, executive order, x-rays, and so on (we
leave the reader to exercise their imagination and create a ran-
dom sample with any number of people they see fit). Not only
are the items unrelated to cognitive science, but they are also
almost certainly unrelated to each other in anyone’s mind.

Close paths between concepts: the organization of concepts in
the mind seems to present a small-world topology, as defined
by Watts and Strogatz [147] — for an empirical approach on
words, for instance, Cancho and Sole [see 20]. To put it differ-
ently, for any two concepts, one can readily find a stream of
thought relating two such items, e. g. ‘Darwin gave dinosaurs
the boot’; ‘she ran a fever on her birthday’; ‘isn’t it time for the
Supreme Court to x-ray that executive order?’ . . . and so forth. So
any two memory items can be easily and dinamically linked to
form a connection (be it temporary or lasting). To emulate this,
a connection between any two points in a cognitive model must
be easily and dynamically created and destroyed. (Section 3.5
will show how RSDM accomplishes this.)

The iterative aspect of using the result of a SDM read as the input
activation for another SDM read causes the iterative convergence to-
wards a desired datum, or a simple divergence, where the returned
results are random and orthogonal. However, if the requested address
is far enough from the original item but not too far (approximately
209 bits if N = 1, 000), repeated iterations of the process will not de-
crease (or increase!) the distance — and time to convergence goes to
infinity. This is a particularly impressive emulation of humans’ ‘tip-of-
the-tongue’ phenomenon, in which one is certain about some features



3.3 related models 33

of the desired memory item, yet has difficulty in retrieving it (some-
times being unable to do so — “what’s the name of that american
talk show host? The tall one . . . with the goofy hair . . . and the weird
voice . . . I can see his face!”).

SDM is also robust against errors. This is so for at least two reasons:
i) the contribution of any one hard location, in isolation, is negligible,
and ii) the system can readily deal with incomplete information and
still converge to a previously registered memory item. The model’s
sparse nature dictates that any point of the space may be used as
a storage address, whether or not it corresponds to a hard location.
By using about one million hard locations for N = 1000, the mem-
ory’s distributed nature can ‘virtualize’ the large address space. The
distributed aspect of the model allows such a virtualization.

Moreover, Kanerva [72] discusses the biological plausibility of the
model, since the linear threshold function (see Haykin [60] for a com-
prehensive treatment) given by the access radius can be readily com-
puted by neurons, and he suggests the interpretation of some partic-
ular types of neurons as address decoders. Chou [23] has explored
the capacity limits of SDM, while Brogliato, Chada, and Linhares [17]
explore the critical distance as a metric of expertise and recollection.
Snaider and Franklin [135] propose an extended SDM where part of
the bit string word is devoted to data and part towards addressing,
effectively allowing both data and sequence information to be stored.

This robust convergence with repeated reading operations is seen
as one of the principal advantages of SDM, but it is also what makes
the model inflexible to vector binding and bundling (also called com-
position, or chunking, depending on the literature) via bit-operations
such as bitwise exclusive-or (XOR) or convolution. The characteristics
of these two operations will be discussed in the following section,
along with other related models. The importance of vector composi-
tion will also be discussed, as the main contribution of this chapter is
an alternative to this approach.

3.3 related models

Sparse Distributed Memory is usually compared to a larger class vector symbolic
architecturesof connectionist models collectively called Vector Symbolic Architec-

tures (VSAs). Levy and Gayler [82] provide a lucid summary of VSAs’
differences from previous models:

“VSA representations offer all of the desirable features of
distributed (vector) representations (fast associative lookup,
robustness to noise) while supporting systematic compo-
sitionality and rule-like behavior, and they do not rely on
an innefficient or biologically implausible algorithm like
back-propagation.”
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SDM, however, is unlike VSAs in that it does not directly imple-
ment the two principal operations that define a VSA: binding and
bundling. These two operations serve as proxies for two psychologi-
cal phenomena long discussed in cognitive science literature: binding
and chunking. For a review on the binding problem in psychology
and neuroscience, see Treisman [140]; for literature on chunking and
its debate see Miller [96]; Cowan [27]. Here I will provide a brief (and
summarized for the purpose of brevity and scope) description of both
concepts

Binding, as the pychological concept (not the vector operation) canbinding

take on a number of forms and be guided by plural mechanisms, but
having one essence: it is the characteristic through which we ‘attach’
information pertaining to an object of concept, and which allows that
object or concept to be distinguished from others.

Chunking was originally introduced by Miller [96] to account forchunking

humans’ capacity to store a seemingly unlimited amount of infor-
mation despite our short term memory and information processing
limits. Accoring to the author, we store ‘bits’ of information in chunks
(of limited size) which we can ‘decompose’ when we want to access
the bits. Likewise, we can group and amalgamate chunks into other
chunks with potentially unlimited recursion.

VSAs were a development over Smolensky’s Tensor Product Net-tensor product
networks works (TPNs) [133], which attempted to explore compositionality in

filler/role bindings. TPNs proved unable to compactly represent vec-
tor composition of arbitrary complexity, given that the nature of the
bundling operation multiplied the dimension of the vectors.

Kelly and West [76] define superposition and binding (the vector
operation) in the following way:

“Superposition is similarity preserving: the sum of two
vectors is a vector that calls in the angle between them.
Conversely, binding is similarity destroying: the circular
convolution of two vectors is roughly orthogonal to the
two original vectors. The purpose of superposition is to
combine representations to create a new representation
that is similar to all of the combined representations. The
purpose of binding, on the other hand, is to create ‘chunks’:
unique identifiers for combinations of representations.”

Early VSA models, especially Holographic Reduced Representations
(HRRs), [113] used vector addition for superposition, and circular con-
volution and vector correlation for binding and unbinding, respec-
tively. As an example of binding, the circular convolution operation
over two 3-dimensional vectors c and x, resulting in a vector t is as
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follows: t = c~ x, whose elements t0, t1 . . . tn−1 can be expressed as
(from Plate [113, p. 95]):

tj =

n−1∑
k=0

ckxj−k for j = 0 to n− 1

. . . making each element of t (subscripts are modulo n):

t0 = c0x0 + c2x1 + c1x2

t1 = c1x0 + c0x1 + c2x2

t2 = c2x0 + c1x1 + c0x2

Another distributed architecture, the Binary Spatter Code (BSC) [73] binary spatter code

makes use of random vectors with high dimensionality to achieve a
level of composition, embedding sparse and dense vectors of differ-
ent dimensionality into one another. In binary models, the XOR oper-
ation, which is the equivalent of computing the Hamming Distance,
is generally used for superposition [74]. Both convolution and per-
mutation have been shown to be plausible in encoding word order
information [118, 124], an empirically important aspect of context in
reading tasks. VSAs’ functionality has been shown to be aplicable in a
neurobiologically plausible architecture, called hierarchical temporal
memory [105]. For further review of VSAs and applications, see Kelly
and West [76] and Levy and Gayler [82].

While there is some variation in the implementation, these models
unequivocally utilize methods combining vectors in order to simulate
the psychological constructs of binding and chunking, either making
the resulting vector an orthogonal composite or a proximate compos-
ite of its original argument vectors. This, in turn, implies the use of
some vectorial metric of distance to gauge the semantic distance be-
tween concepts stored. In this aspect, the model proposed herein is
an alternative account to this interpretation.

There is ample neuroscientific evidence (though it is beyond the
scope of this chapter to review it) that there is specialization of func-
tion in populations of neuronal networks. At the basic level, physical
areas of the neocortex and hippocampus can be identified as having a
major role in this function or that function. However, it is not implied
that conceptual semantics must bear the same characteristic. Indeed,
there is literature to indicate the crucial influence of flexibility in rep-
resentation for higher cognitive functions [21, 42, 43, 46, 66, 68, 99].

Hummel et al. [70] stake the strong claim that, as a research goal,
"seeking to achieve role-filler binding, independence and integration
simultaneously in a connectionist system is a powerful formula for
simulating numerous aspects of human perception and cognition,
and for realizing the promise of compositional connectionism". How-
ever, vector metrics imply that any representation that is a compo-
sition of other representations (any concept composed of other con-
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cepts) is not a random vector. This characteristic may hinder the flexi-
bility and psychological plausibility of models that make use of them:
as we explored earlier, orthogonality of random concepts and close
paths between concepts are central aspects in providing a representa-
tional framework with the flexibility required for cognitive tasks such
as analogy-making, fluid representation, and path-dependence pro-
cessing. In this context, despite the many problems they solve, archi-
tectures using vector operations become less psychologically-plausible.

One may argue that all concepts are made of other concepts, with-
out there being a core atomic set of concepts upon which others are
built. This is cited as one of the main rigidities in early symbolic
models, which compositional connectionism (see Hummel et al. [70])
attempts to address: concepts were hard, atomic constructs. The vec-
tor metrics mechanism used to this end in nearly all connectionist
architectures, however, entails some potentially insurmountable com-
promises.

With vector metrics, building new concepts as composite opera-
tions of other concepts forces a particular concept into a point in
space. As a brief example let’s say that, to me the concept of ‘polar
bear’ is a combination of ‘bear’, ‘white’ and ‘snow’. If I am exposed
to images of a dancing polar bear via a popular commerical, the con-
cept of dancing will now have to make-up my representation of ‘polar
bear’, in order to be accessible when ‘polar bear’ comes to mind.

In this example, the system employing vector metrics composition
will be forced to recalculate and wholly reposition ‘polar bear’ in the
representational space in a way that it becomes a composition of four,
rather than three constituent concepts. By consequence, any concept
whose composition includes ‘polar bear’ will be required to be recal-
culated. As a consequence of the constant flow of stimuli and memory
formation that occurs in humans, there would be a perpetual deluge
of redescriptions, forcing a constant repositioning of concepts in or-
der to maintain the appropriate representational compositions and
distances. This remains true whether one uses filler/role bindings, or
other forms of vector metrics.

Connectionist models, and VSAs have shown remarkable results in
recent literature. Gayler and Levy [52] show that analogical mapping
is achievable in a strictly distributed model, using a VSAs as an im-
plementation, and graph isomorphisms. In related fashion, Chapter 4

addresses families of small (mostly 3 and 4 node) graphs as a building
block of higher cognitive function. Other results have been achieved
in analogical mapping using BSC [33] and SDM [32].

One of the contributions of the RSDM model contained herein is to
provide a means to account for spreading activation in a ‘reductionist’
(a strictly binary vector space) distributed model. If it holds true in
RSDM, it may be possible to generalize towards other models, such as
HRR, BSC and other Vector Symbolic Architectures.
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Section 3.3.1 will address the connectionist vs. symbolic and the
distributed vs. localist debate in cognitive science, and place RSDM in
its context. Section 3.4 touches upon on spreading activation models
and their significance within cognitive science literature. Section 3.5
defines the Rotational Sparse Distributed Memory model. Section 3.6
will illustrate how RSDM implements spreading activation. Section 3.7
discussed implications of this new approach, and future exploration
to be undertaken.

3.3.1 Connectionist/Distributed vs. Symbolic/Localist AI

Connectionist architectures were initially developed to address im-
plausibilities and rigidities present in the symbolic models of early
artificial intelligence (AI). The latter models were mainly character-
ized by localist (i. e. stored in one place) and symbolic, distinct, atomic
representations of concepts, which were resistant to compositional dy-
namics, and unable to process any form of noisy input. While both
approaches have delivered significant results, both have shown some
difficulty in replicating the strengths of ‘the other side’. As Smolensky,
Legendre, and Miyata [134] describe: Central Paradox of

Cognition
"Formal theories of logical reasoning, grammar and other
mental faculties compel us to think of the mind as a ma-
chine for rule-based manipulation of highly structured ar-
rays of symbols. What we know of the brain compels us to
think of human information processing in terms of manip-
ulation of a large unstructured set of numbers, the activity
levels of interconnected neurons. Finally, the full richness
of human behavior, both in everyday environments and
in the controlled environments of the psychological lab-
oratory, seems to defy rule-based description, displaying
strong sensitivity to suble statistical factors in experience,
as well as to structural properties of information. To solve
the Central Paradox of Cognition1 is to resolve these contra-
ditions with a unified theory of the organization of the
mind, of the brain of behavior, and of the environment".

More recent literature shows that it may be possible to unite and
amalgamate the approaches, thus strengthening the theory behind
both and further corroborating experimental results. As shown, VSAs’
results in the field of analogical mapping are one example of this
potential hybridization. Inherent in the RSDM model is the potential
for spreading activation to be implemented via a distributed model.
This contribution, the reader may note, is a step in bridging the results
in connectionism with other architectures that use localist (atomic)
symbols.

1 emphasis present in the original
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3.4 spreading activation

Spreading activation was a model first proposed by Quillian [115,
116] to build human semantic structure, which he attempted to im-spreading activation

plement into a computer simulation of memory search. If human
concepts are thought to be arranged in a network, i. e. a graph of
nodes, signifying concepts, connected by edges, signifying relations,
the activation of any one concept would propitiate the activation of
the concepts connected to it. The activation of those would then cause
the activation of other concepts connected to those, and so forth, prop-
agating down the network.

Collins and Loftus [26] later expanded the theory, proposing it as
a framework capable of accounting for a number of experimental
results. Since then, it has been widely corroborated when applied
to studying psychological phenomena, including Alzheimer’s [39],
child development [11], aphasia [128], Parkinson’s [36], depression
[38], memory recall [37] and others. It has also yielded a number of
results in computational models of cognition [see 4, 42, 68, 94, 99].
Wolverton and Hayes-Roth [151] show how spreading activation can
be used to retrieve even semantically distant analogies in a concept
network.

Research into models of analogy-making (not based on "A is to
B as C is to D" analogical mapping) shows that it is required that
any one concept be allowed to ‘slip’ out of its central definition, and
attempt a convergence to another. French [42] explains conceptual slip-
page, a term first coined by Hofstadter [65], as "the replacement of oneconceptual slippage

concept in the description of some situation by another related one.
The perceived similarities that engender slippage may range from
the superficial to the most abstract". This slippage is implemented in
a number of applied micro-domains of limited scope. However, the
underlying architectures in a number of successful models [42, 68, 94,
99] rely on models of spreading activation (though using symbolic
networks).

an aside on graph representations : Beyond semantic net-
works, graphs provide highly flexible formats of representation. Be it
a distributed model [52], a spreading activation model [4, 42, 99] or
a statistical Bayesian application [77, 78]. This latter approach shows
how simple generative graph-grammars can generate classes of struc-
tural forms to account for a plurality of organizations of data. Graph
representations are able to capture relational properties at any level
of abstraction (see Figure 9).

The following section defines and describes the principal contribu-
tion of this work: Rotational Sparse Distributed Memory. Section 3.6
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Figure 9: Structures learned from: A) biological features B) Supreme Court votes; C) judg-
ments of the similarity between pure color wavelengths; D) Euclidean distances between faces
represented as pixel vectors; E) distances between world cities — reproduced from Kemp and
Tenenbaum [78].

then oulines its implementation, and presents the results in sample
domains.

3.5 rotational sparse distributed memory

As we have seen, SDM shows several key-features whose neural-corre-
lates grant the model a strong position in psychological-plausibility,
all of which RSDM inherits. In other words, SDM is a model with sev-
eral emergent characteristics which mirror characteristics of human
psychology. However, SDM has also proven to have limitations that
were addressed by either significantly altering the model (i. e. the
composition of two bitstrings is no longer random but rather a cal-
culation [74]), which would cause the same issues as in other VSAs; or
building different, more complex mechanisms based on vector met-
rics, as in [32]. Furthermore, as described earlier, current research is
investigating models that are able to provide the composition of one
concept out of two or more others. In other words, the model must
allow for any two stored elements to be brought together and com-
posed, and this compostition must be another element that can be
stored. Finally, the opposite operation must also hold.
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However, this type of vector composition requires that concepts be
composed of other concepts in a “turtles all the way down” fashion:
every concept is made up of other concepts, and a concept is the
compilation of those others that make it up, or ‘point to it’. It may
be argued that a non-hierarchical format of composition, closer to a
symbolic network, may allow increased flexibility in representation
and be more cognitively plausible, in the space of abstract concepts.

VSAs provide methods of composition and mapping via bit-wise
operations like vector addition and convolution. These methods have
achieved extensive results both in application and in furthering the-
ory. However, the flexibility which is intrinsitc of symbolic models
remains to be achieved.

In SDM, a random bit string in an N-dimensional binary space can
be seen as a collection of N independent Bernoulli trials, having a
binomial distribution with p = 0.5, having a mean of N2 and variance
N
4 . Let us examine then, a rotation of the bits in any bit string α in
{0, 1}N vector space.

Figure 10: Randomly generated binary vector and rotations, showing the hamming distance
between each rotation. This exemplifies the orthogonality of rotating a random binary vector.

Figure 10 depics a random bit string and its rotations. It illustrates
how a rotation of a bit string will yield another random bit string with
a Binomial Distribution (therefore orthogonal). As N grows, so does
the tendency towards orthogonality between any two vectors. So any
rotation is likely to be N

2 bits away in hamming distance. Through
this, rotating bits allows nearly any random BStr α in the vector space
to lead to N − 1 other, completely different BStr in a non-stochastic
fashion. This alone, however, does not allow any connection in the
space to be made. To establish a connection between two previously
stored locations in the vector space, any point β has to become reach-
able from any starting point α, not just α’s N− 1 rotations.

Thus, one more step is required to connect any two points in the
space. The vector space must be filled with both content-addressable
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and pointer-style items. To store a connection between a pattern α
(stored at bit string α) and pattern β (stored at β) one must choose
a rotation of α, say α12 (that is, a 12 bit right-rotation of α), where-
upon β will be stored. In this way, any two points having stored data
can be connected by a non-content addressable BStr which is, in fact,
orthogonal to both α and β.

Storing β at αi is in line with Kanerva’s original method of stor-
ing sequences in a Sparse Distributed Memory, where “the memory
should allow the present situation to act as a retrieval cue, and, when
presented with a situation that is similar to some previouly encoun-
tered situation, it should retrieve the consequences of that previous
situation” [72, p.81, author’s original emphases].

Storing the information of a different address β in the ith rotation
of an original address α makes β reachable from α, however, β has
no information of how to reach any of the addresses which point to
it. That is, β cannot reach α or the αi which points directly to it. To
reach α from β, α would have to be stored in some rotation of β: βj.
This makes the connection one-directional, unlike those applied by
other models, such as VSAs.

Convolution and vector addition are both bi-directional in the sense
that they are reversible. This means an operator which uses two vec-
tors and results in a third can be reversed, allowing for the computa-
tion of the two original vectors from the third one. In other words,
this would be akin to having the number 7 and being able to decom-
pose that this particular 7 came from the sum of a 3 and a 4. This is a
popular argument towards compositionality in distributed represen-
tations.

A one-directional association, on the other hand, is an important
potential advantage of the bit-rotation mechanism. This lies in the
fact that concept association need not be bi-directional. While activat-
ing one concept may consistently activate another, the reverse need
not be true. Intuitively, to borrow from Collins and Loftus’s example
of criterialities: “it might be highly criterial for the concept of a type- criterialities

writer that it is a machine, and not very criterial for the concept of
machine that one kind is a typewriter” [26, p. 408]. This is not to say
a bi-directional association is not possible in RSDM, as indicated, it is
a matter of creating two pointers: storing a pointer to β in αi and one
to α in βj, for example.

The bit-rotation mechanism in Rotational Sparse Distributed Mem- bit rotation in RSDM

ory employs both content-addressable (nodes) and non-content-ad-
dressable (edges) data to be stored, and allows the connection of
stored patterns in a single memory space, while maintaining other
neuropsychological properties that SDM provides, such as robust con-
vergence, tip-of-the-tongue, and others. This differentiates the model
described here from other mechanisms. Many VSA models based on
convolution (including HRRs) propose utilizing a separate SDM as a
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‘clean up memory’. While this retains psychological and neurological
plausibility, it garners further complexity to any model. Given that
the results presented here can provide a simpler pathway, it may al-
ready prove a valid contribution.

In addition, the mechanism described herein provides a replicable
model for other architectures, including VSAs and other connectionist
models, so that they may further bridge the gap towards the results of
higher level cognitive function frameworks, discussed in Section 3.3.1.
The distance between localist and distributed representation may not
be as wide as once established. Many models of cognition utilize net-
works to represent knowledge and many memory phenomena are ex-
plained in these models in terms of the network structures and inter-
actions, while distribuetd representations provide robustness against
noisy inputs and neuroscientific plausibility.

The results of the RSDM architecture provide a path for connection-
ist architectures such as VSAs to bridge this gap. RSDM, as it is imple-
mented, brings a series of potential avenues of exploration towards
decision models and cognitive modeling, and by extension towards
behavioral and management research.

3.6 implementation and results in spreading activation

networks

The Rotational Sparse Distributed Memory is implemented as a canon-
ical instance of Kanerva’s specification of SDM, and all models and
tests are generated using the sdm-framework project, freely available in
GitHub2, as the underlying architecture.

The RSDM in all tests was initiated with 1000 random bit strings
recorded into it. As explored in Brogliato, Chada, and Linhares [17],
a network that is empty will exhibit the property of premature con-
vergence towards any nearest input. The hamming distance for acti-
vation follows Kanerva’s calculation [72], and is set at 451 bits. This
establishes an access sphere for reading/writing of around 1, 000 hard
locations. For the purposes of the simulations shown here, the activa-
tion values are stored in an auxiliary hash-table data structure, exter-
nal to the RSDM, keyed by the hexadecimal representation of each bit
string.

3.6.1 Spreading activation and activation decay

A spreading activation network propagates any stimulus, from the
starting point(s), through each connected node in the network. How-
ever, each ’hop’, that is, each propagation of the initial input, must

2 The original code which generated the results is available at https://github.

com/danielc2112/sdm-framework, the base sdm-framework is available at https:

//github.com/msbrogli/sdm-framework.

https://github.com/danielc2112/sdm-framework
https://github.com/danielc2112/sdm-framework
https://github.com/msbrogli/sdm-framework
https://github.com/msbrogli/sdm-framework
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cause a decay in the activation strength, otherwise a signal would
spread endlessly throughout the network. In a network with cycles or
backlinks, it is trivial to see that, without some form of signal decay,
any initial stimulus would eventually ’overtake’ the network, causing
endless activation cycles.

(a) Decaying spreading activation over
5 discrete time-steps.

(b) sample semantic network showing
numerical and written (or phonetic)
concepts, activation spreading over 3

time steps.

Figure 11: Spreading activation in semantic networks.

t0 t1 t2 t3 t4 t5 t6 t7

Straight Line Activation: nodes 1, 2, 3 & 4

1

2

3

4

t0 t1 t2 t3 t4 t5 t6 t7

Semantic Net Activation
1

2

3

4

too

to

two

also

Figure 12: examples of activation in RSDM: [TOP] simulation of network activation from Fig-
ure 11a. Each note receives a decayed activation from the previous node, following Figure 11a.
[BOTTOM] Semantic network activation values in RSDM for Figure 11b.

In order to provide a model of spreading activation, a metric of
activation decay and thresholds of activation must be provided. Each
bit string that is directly activated passes an amount of activation to
each of its connected nodes (its rotations which contain data). The
generic activation-decay equation is:

Xn+1 = f(Xn);X0 = γ (1)
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where n denotes the number of time-steps since the initial activation,
f() is some decay function, γ is an initial activation value. For the ex-
amples shown here γwas arbitrarily set to 20, but the input activation
may be set as a function of the strength (or distance) of the activat-
ing stimulus. Additionally, a threshold value of 0.2 (see Equation 2)
to consider a signal done, i. e. round it own to 0, was chosen merely
for the sake of cleanliness and less calculation at each time-step. The
system could allow for trace remains of a signal to approach zero on
its own.

In Figure 11 we have two sample semantic networks — activation
spreads from the stimulus of the concept to its connected nodes, los-
ing strength at each hop. Figure 11a shows stimulus at ’1’ spreading
over to ’2’, and so on to "5" . . . we can trace the values of activation
at each node retrieved from the RSDM and compare with values pro-
vided by f(). This is the way to corrobrate that the RSDM is functioning
exactly as a semantic network with the same characteristics would.
Figure 11b shows the activation at time steps 2–4 of a more complex
semantic network. In this network, the concepts for numbers are in-
terconnected with phonetically similar nodes, so the node for number
’2’ will activate the phonetic word ’two’, and its homonyms ’to’ and
’too’. From there, the concept for the word ’two’ is also connected back
to the number ’3’, and the concept for ’too’ is connected to the con-
cept for the word ’also’. A network entailing these same nodes can be
far more interconnected, but this proved enough to demonstrate the
functionality and corroborate the needed hypotheses.

For both examples, the function f() modeling the decay of a node
from time-step t to t+ 1 is defined within the RSDM by the following:

xt+1 = f(xt) =

{
0 , if xt 6 0.2

0.125x , otherwise
(2)

Spreading activation in RSDM works over an arbitrarily large se-
quence of nodes, given zero decay. Additionally, considering the or-
thogonality between one bit string rotation and another, the capacity
of direct connections to be made at any arbitrary address of the mem-
ory is N− 1 (in this specific case, 1, 000− 1 = 999). For the examples
shown, the strength of activation being passed between nodes, that is,
the activation of one node at time t that passes to its connected nodes
at t+ 1 is defined by the following:

β = g(α) =

{
0.85α , if β ∈ Φα
0 , otherwise

(3)

where Φα is the set of all rotations of bit string α.
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It is noteworthy that, while in these examples the activation propa-
gation characterstics (Equation 2 & Equation 3) are the same for every
node in the entire memory, they need not be. a different g() may be
stored for different classes, or it may be node specific (though this
may incur a prohibitively high storage cost). The final activation ξα
of a node α at a given time-step is the sum of all activations ξ of the
set of nodes which point to it.

ξα =
∑
ψ∈Ψα

ξψ (4)

where Ψα is the set of all nodes which connect to node α via their bit
rotations.

Figure 12 shows the associated activation values for each node in
Figure 11. The top and bottom diagrams correspond to Figure 11a
and Figure 11b, respectively. The values are activations propagated
between nodes connected via bit-rotation in RSDM. Each line repre-
sents a node’s activation values through each time-step of the sim-
ulation. In the top diagram, I opted to keep 5 out of the actiavtion
graph, for clarity only. There are two notable aspects in the bottom
graph of Figure 12. The first is the equivalence of certain nodes: the
same activation path describes nodes ’too’ (yellow star), ’to’ (pink
star) and ’two’ (green star), which is perfectly in line with the hypoth-
esized path. Second, we note that node ’3’ follows the same path as
the above until t3, but diverges in t4 increasing its activation for one
more time-step. This is also in agrees with the hypothesized diagram
in that at t2, node ’3’ receives the same activation as the other nodes
connected to node ’2’, but at t3 it again receives activation from node
’two’. Furthermore, the reader may note that node ’4’ receives two
activations propagated from node ’3’, at t4 and t5, which matches
the propagation being sent by node ’3’. These instances quickly cor-
roborate the necessary mechanisms for spreading activation semantic
networks functioning in RSDM.

3.7 discussion and future work

Spreading activation of concepts in human cognition is a highly con-
text-based, path-dependent phenomenon. As a consequence, it is a
good initial applied candidate for an architecture which aims at in-
stantiating XR. There are many aspects which may play important
roles in spreading activation, and are not modeled in this version of
RSDM, among them rank the influence of context, and the acquisition
of long-term biases.

Although the following is not within the scope of this thesis and
has been left for future endeavours, RSDM can model contextual dif-
ferences in activation and acquired long-term biases. Without much
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effort, one may notice that a mechanism which ’propagates’ the ro-
tation which led to a node’s activation can model context. More ex-
plicitly, if an activated node knows what length of rotation activated
it, that is, if β was activated by α285, β may activate only its rota-
tions around β285, say β{280,281,...,290}. In this way, only a certain
rotation range would be propagated in any activation of a bit string,
so this range-of-rotation is a proxy for a contextual frame-of-mind in
high-level cognition, and contextual effects would be changes in the
propagation of range-of-rotation.

With a bit more imagination, we may foresee, as consequence, a
mechanism for short-term human memory. If only 7± 2 rotations are
activated (as defined by Miller [96]) or 4± 1 rotations (as defined by
Cowan [27]) are activated, we may conceive a dirty mechanism for
high-level chunking. Linhares, Chada, and Aranha [90] explored a
different mechanism for chunking, and acquired boundaries for the
emergence of Miller [96]’s number in an SDM.

Again, as a rough thought experiment, the reader may envision
that ranges of rotations within the {α1,α2, . . . ,αn−1} domain may be
used to record the same edge, that is, rotations α{i,i+1,...,j} pointing to
the same node. This constitutes a simple model which can mirror two
important characteristics: ’distance’, widely used in distributed vecto-
rial models, and ’closeness’, or ’connection-strength’ between nodes
in localist/symbolic models. Hence, long-term acquired biases may
be simulated by the length of a range of pointers. The strength of a
connection from α to β is the length of the range of α{i,i+1,...,j}. Rela-
tive connection strengths may be calculated as a fraction of the total
N− 1 possible outgoing connections. One outcome of this is a natural
proxy for an overwhelming trigger to any stimulus. Any activation
of the concept ’fire’ may, in any context, trigger a panicked response
from a person whose bit string for ’fire’ has all its rotations pointing
towards ’danger’.

Future work may also address the validity and robustness of the pa-
rameters used herein. An initial work may seek cognitive correlates to
corroborate the definition of f() and g() in Equation 2 and Equation 3,
respectively. Can RSDM model a network with non-linear interactions?
What network characteristics can it robustly exhibit? Can it model a
small-world network [147]? Can is corroborate the characteristics of
an evolved network [98]? Can it instantiate rich-club organization [25,
145]? All these are open questions which could strengthen the archi-
tecture’s relevance, and must be explored.

Aside from its cognitive correlates, instantiating spreading activa-
tion positions RSDM as an important potential tool for management
science, including marketing and decision support. In 1997, Crestani
[28] explored uses of spreading activation in information retrieval.
Liang et al. [83] demonstrate semantic spreading activation used to
instantiate a full recommendation system, whereas Blanco-Fernandéz
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et al. [14] show how spreading activation over a semantic network
can be used in tandem with content-based filtering for stronger rec-
ommendantion systems. These examples are cited for their relevance
in applied and highly relevant fields of marketing and management,
aside from currently being a billion-dollar industry in online market-
ing and sales. If RSDM can instantiate spreading activation, it can be
a useful model in state-of-the-art recommender systems, lending its
robustness to noise and a host of other useful chracteristics to this
new domain of application.

This chapter has introduced Rotational Sparse Distributed Memory
as an extended architecture based on Sparse Distributed Memory. It
has argued the relevance of RSDM as a tool for expanding and testing
theory in cognitive science and as an applied tool in management sci-
ence. In the vein of Experience Recognition, it is my contention that
RSDM is a prime candidate for exploring the desired characteristics of
XR in a cognitive model. This initial study has only begun to explore
the possibilities supplied by RSDM, and it is my hope its contribu-
tions in this and future explorations may prove relevant in the aim of
modeling cognition.





4
V E C T O R S PA C E S , C O G N I T I O N , A N D N E U R A L
A R C H I T E C T U R E S

decision-making begins with connected, firing neurons .
All high-level cognitive behavior can be seen as emergent phenomena
based on the interactions of neural and physiological mechanisms in
the brain. Recent research has begun exploring the properties and
similarities between neuronal networks (i. e. networks of intercon-
nected neurons . . . as opposed to the computer data sctructure, called
neural networks), complex networks and their graph theoretic parallels.
Papo et al. [106] provide an eloquent overview of this initiative.

This chapter provides results linking the characteristics of Rota-
tional Sparse Distributed Memory (RSDM), defined previously, with
several key results in neuroscience, network science and decision-
making, pertaining to network motifs, flexible reconfiguration for dy-
namic processing and the neural basis of executive cognitive func-
tion (all defined below). Modeling different aspects of neuronal net-
works can be a good thing. Why, if decisions begin at the brain of the
decision-maker, a model which can provide its basis on the funda-
mental architecture and functioning of the brain is a fruitful avenue
for exploration of any aspect of cognitive modeling. A model that
can, in theory, be applied towards real problems such as recommen-
dation systems will be all the more resilient and sturdy if it can also
present its bases in the neural underpinnings of decision making and
cognition.

4.1 introduction

In their review of new advances based on network interpretations of
brain functions, Park and Friston [107] call for “a formal theory of hi-
erarchical integration based on neuronally plausible models with cou-
pling parameters and a well-defined computational objective”. Fur-
thermore, the authors hold that “computational modeling can serve
as an interface between structure and function”.

4.1.1 Relevance Towards Cognitive Science and Decision-Making

Once the sole province of behavioral research, decision-making has
become the subject of neurobiologists, physiologists and neuroscience
in general. The attractiveness of recent results signal a rise in multi-
disciplinary exploration of the neural bases of high level cognitive
phenomena.

49
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Giustiniani et al. [54] analyze the neural bases of strategic mecha-
nisms under uncertainty using an Iowa Gambiling Task (a benchmark
decision making assessment) experiment. Platt [114] uses the varia-
tions in the behavioral responses of monkeys given context, learned
associations, and memory in order to argue that there are specific neu-
ral correlates to sensory judgements and to decisions derived from
prior knowledge. These examples bespeak the encroaching impor-
tance of neuronal models of cognitive behavior in aiding research in
the decision sciences. Smith and Ratcliff [132] review evidence relat-
ing recent results in behavioral psychology experiments with single-
cell neuronal studies. Bogacz [15] presents evidence that optimal-
decision theory can provide experimental predictions for both neu-
robiology and behavior research.

In the same vein, this chapter will provide correlates between RSDM

and the network science interpretation of low-to-high level cognition.
The contributions contained here are three-fold: i) the results show
that RSDM can model the brain’s principal network-motifs; ii) they
also show that RSDM’s architecture can provide a plausible analogue
for the brain’s hierarchical organization; and iii) it will be argued
that RSDM’s capacity for flexible reconfiguration makes it a suitable
model to account and further test the structural-functional-effective
mapping of brain processes.

4.2 review of extant literature

This section touches on relevant aspects of current research at the
intersection of network-science, neuroscience, statistics and cognition,
namely network motifs, hierarchical organization in brain networks,
and dynamic, flexible reconfiguration of networks applied towards
cognition. Here one hopes to champion the relevance of algorithms
and systems which can model and simulate the phenomena that are
presently at the forefront of these areas of investigation.

4.2.1 Network Motifs

Research results indicate that real networks rely on “motifs”, thatnetwork motifs

is, small repeated patterns of connections between nodes that occur
in statistically significantly greater numbers than they would if the
network configuration was random. Network motifs are “recurring,
significant patterns of interconnections” that is, “patterns for which
the probability P of appearing in a randomized network an equal or
greater number of times than in the real network is lower than a cut-
off value”, which is usually P = 0.01 [97]. Characteristic motifs have
been found in networks such as food webs, gene regulation, electronic
circuits, ecological food webs and the WWW. It is posited that theses
motifs may play a part in the inherent and emergent characteristics
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of the networks they constitute. Shen-Orr et al. [125], for example,
conclude that much of Escherichia Coli’s (E. Coli) gene transcription
network is dominated by three highly significant motifs.

Recurring patterns of connection, usually between three and four
nodes, may provide insight into the underlying principles govern-
ing any particular network. Callaway et al. [19] prove that there are
fundamental differences between evolved random networks versus
static ones. Simply because the nodes in evolved networks have dif-
ferent lengths of existence, the networks which they form show a
main interconnected component (called a giant component) which is
far more robust to random edge deletion. They show that, in such a
network, "twice as many edges would have to be removed from it to
destroy its giant component".

Milo et al. [97] cite the two previous studies in arguing:

"In information-processing networks, the motifs may have
specific functions as elementary computational circuits [125].
More generally, they may be interpreted as structures that
arise because of special constraints under which the net-
work has evolved [19]. It is of value to detect and under-
stand network motifs in order to gain insight into their
dynamical behavior".

Indeed, early results indicate that possibly many information-pass-
ing networks may share common motifs. Furthermore, brain network
motifs, small patterns of interconnected neurons (and interconnected
populations of neurons) that repeat themselves throughout areas of
the neocortex and hippocampus, have also been identified. These re-
peated patterns of neural circuitry, made of inhibitory and excitatory
neurons and interconnecting synapses, are being explored as avenues
towards gaining insights into the inner mechanisms of cognition. Re-
cent work has begun studying the influence of network motifs on
the structural and functional/effective levels of analysis of neuronal
networks (discussed below).

Pernice et al. [108] explore how the structure of neuronal networks
has strong influence over the activity dynamics of single neurons and
populations. Local network properties have an effect on the dynam-
ics of the system, and can influence the global behavior in emergent
fashion.

Ferrante, Migliore, and Ascoli [35] use a realistic neuronal com-
puter model to study feedforward inhibition circuits (shown in the
diagram in Figure 13f). The authors describe how, despite the ubiq-
uity of feedforward inhibition (FFI) in cortical regions and their func-
tional involvement in a number of physiological mechanisms, "the
specific role of FFI in shaping the neuronal I/O relationship is not yet
thoroughly understood". They go on to argue:
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"Computational models can foster intuition about com-
plex problems by requiring the precise and explicit defi-
nition of all variables and assumptions. Computer simula-
tions cannot falsify a hypothesis, but may provide proof
of concept of putative mechanisms as well as quantitative
estimates of the parameter range of their aplicability."

A reasoning which emphasizes the apposite standing of the explo-
ration in the present text. These results, and even explicit calls, bring
relevance to any computational model which can exhibit the charac-
teristics of network motifs, especially if that model will aggregate a
number of other psycho-neurological behaviors which are inline with
high-level cognitive phenomena (as seen in Chapter 3).

(a) lateral inhibition. (b) convergence (c) divergence.

(d) recurrent excitation (e) positive feedback. (f) negative feedback /
feedforward inhibition.

(g) bi-fan. (h) bi-parallel. (i) feedforward loop.

Figure 13: neuronal motifs.

4.2.2 Structural, Functional and Effective Brain Networks

It is currently held that the brain can be interpreted via three hier-
archical and overlapping notions: structural, functional and effective
connectivity [16, 47, 107].

Structural connectivity deals directly with the physical inter-structural
connectivity conections between neurons and populations of neurons, i. e.

the anatomy of interconnected cells. These connections are rela-
tively stable in the short-term (e. g. minutes), but can be subject
to significant changes over longer time-frames (e. g. hours to
days).
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Functional connectivity deals with correlations in patterns of functional
connectivityneuronal activity in remote areas of the brain. It "is defined

as statistical dependencies among remote neurophysiological
events" [47].

Effective connectivity is an abstraction referring to information effective connectivity

flow between areas of the brain. Friston [47], describes how "ef-
fective connectivity refers explicitly to the influence that one
neural system exerts over another, either at a synaptic or pop-
ulation level". Park and Friston [107] define it "as the influence
one node (neuronal population) exerts over another, under a
particular network model of causal dynamics".

Figure 14: figure and text from: Park and Friston [107] — "Node, edge, and organization in the
brain network. (A) Schematic of the multiscale hierarchical organization of brain networks: from
neurons and macrocolumns to macroscopic brain areas. A network is composed of nodes and
their links, called edges. A node, defined as an interacting unit of a network, is itself a net-
work composed of smaller nodes interacting at a lower hierarchical level. (B) Depictions of
“edges” in a brain network, as defined by three types of connectivity: structural, functional,
and effective. Structural connectivity refers to anatomical connections and (macroscopically) is
usually estimated by fiber tractography from diffusion tensor MRI (DTI). These connections
are illustrated with broken lines in the bottom images. Functional and effective connectivity
are generally inferred from the activity of remote nodes as measured by using BOLD-fMRI or
EEG/MEG signals. Functional connectivity, defined by the correlation or coherence between
nodes, does not provide directionality or causality and is therefore depicted without arrows.
Because effective connectivity is estimated by using a model of neuronal interactions, it can
evaluate directionality. This is illustrated by the one-sided arrows. Adjacency (or connectiv-
ity) matrices subserve graph theoretical analyses of brain systems and encode structural and
functional connectivity between pairs of nodes".

Both functional and effective connectivity are statistical constructs
borne from neuroimaging literature, but are currently central in inter-
preting high-level functions of the nervous system and cognitive be-
havior. In addition, both lessen the contribution of individual neurons
or synapses to emphasize the collective functioning, where the unit
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of analysis becomes a module, or population of neurons. While the
unit for structural connectivity is actual synapses between neurons,
functional and effective connections imply correlated links between
populations of neurons (regardless of whether one specific synapse
or another was activated). Effective connectivity, in particular, is able
to illuminate directed flow of information and causality between func-
tional modules of the brain. Figure 14, taken from Park and Friston
[107] illustrates and describes the hiearachical nature of the concepts
discussed.

It is also held that the structural connectivity (i. e. the physical inter-
connections between single neurons and populations) can constrain
and shape the global behavior of a network [63, 126]. Meanwhile,
functional and effective dynamics seem to remain flexible, exhibit-
ing contextually incited behaviors and functions, even over the same
structural network. In other words, while the structure stays the same,
the function can (and does) vary given different stimuli and context.

These results suggest a divergence between the structural (physi-
cal) and functional/effective (correlation/causation level), in that one
structural connectivity pattern allows for many possible patterns of
behavior. This, in turn, leads to the next subject of review.

4.2.3 Dynamic Reconfigurations and Functional/Effective Flexibility

As an introduction to the subject, Park and Friston [107] again pro-
vide an apt description of the relevance of a dynamic reconfiguration
approach:

“Function may deviate from structure to exhibit dynamic
and contextualized behavior. Such divergence of function
from structure is perhaps the most intriguing property of
the brain and invites further research. By studying the dy-
namics and self-organization of functional networks there-
by enabled, we may gain insight into the true nature of
the brain as the embodiment of the mind. The repertoire
of functional networks will most likely emerge from the
(hidden) structural architecture that enables the efficient
global integration of local integrations.”

Braun et al. [16] show that functional connectivity changes accord-
ing to task (attention vs. memory) in a traditional “n-back” task. An
n-back task is a benchmark performance task that is commonly used
as an assessment in cognitive neuroscience to measure working mem-
ory and memory capacity. A subject is presented with a sequence of
stimuli, and the task is indicating when the current stimulus matches
the one from n steps before. As n grows, so does the difficulty of
the task. Braun et al. [16] provide evidence that a reconfiguration of
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large-scale distributed neural circuits occurs in order to adapt to cog-
nitive demands. This is shown to be correlated to working memory
performance and cognitive flexibility. Consequently, flexible reconfig-
uration (as opposed to strictly the activation of isolated brain areas)
may be a behaviorally relevant aspect in human memory and infor-
mation processing.

Bassett et al. [12] describe how ’network flexibility’ in a given mo-
tor task during one training session is a predictor of the amount of
learning in a subsequent session. In their own words: "’flexibility’ is
the number of times that each node changes module allegiance, nor-
malized by the total number of changes. The flexibility of the network
as a whole is then defined as the mean flexibility over all nodes". It
can be described as the allegiance of a node to a specific functional
module in the network. This indicates that the capacity for a particu-
lar ’node’ (i. e. physical neuron or assembly of neurons) to participate
in many ’modules’ (i. e. functional groupings) is central to learning.
Moreover, it signals that dynamic reconfiguration at the functional/
effective level of analysis is germane to human learning.

An experiment comprising a repeated association of simple draw-
ings to their location on the screen took place in order to study repeti-
tion supression, that is, "a decrease of neural responses (that is, adapta-
tion) to repeated stimulus presentations", which is "ubiquitous and a
useful measure of learning-related changes intrinsic to unit or popula-
tion responses". In this experiment, Büchel, Coull, and Friston [18] ob-
tained results that, while corroborating the phenomenon, also show
that "as responses within an area decrease with learning, effective
connectivity between cortical areas increases. The correlation between
the speed of learning and these changes in effective connectivity em-
phasize the relevance of plastic changes in functional integration for
associative learning". A result which concludes that the adaptation of
neural responses over time is material towards associations in human
cognition.

To contextualize, a neuronal structure that allows functional flex-
ibility plays a major role in every aspect of higher level cognition,
from learning to memory to decision-making. One may conclude that
a model which accurately simulates these dynamics has strong util-
ity in the exploration of cognition and its epiphenomena. It is left
to corroborate that RSDM can indeed model the required functional
flexibility.

4.3 methodology and implementation

Rotational Sparse Distributed Memory can be a basis for a number
of applications. This chapter shows how neural micro-circuitry, in-
cluding the desirable characteristics of motifs, dynamic flexibility and
hierarchy can be instantiated via RSDM. Rather than re-state the de-



56 vector spaces , cognition, and neural architectures

tails of RSDM itself (see Chapter 3), this section hopes to outline the
procedures which permit the specific implementation to generate the
results shown further on.

All circuits were instantiated on aN = 1, 000 dimension RSDM, with
an access radius of 451 and an activation threshold of 1.0, that is, if
the activation associated with a bit string at any time t is > 1 that bit
string propagates its signal to its connections (via its rotations).

Each write iteration was performed twice, in order to make a stronger
imprint onto the HLs and prevent wrong convergence. As in Chap-
ter 3, around 1, 000 random bit strings were written, to provide an
initial population and prevent premature convergence in the RSDM.
Each read was the end result of up to 6 steps of iteration for conver-
gence.

Connecting nodes are given a valence (+1 or −1) which is multi-
plied to the exiting propagating signal, so an activated node with a
negative valence propagates the negative of its activation value to all
its connections. This was considered neurologically plausible since
neurons are generally classified as excitatory or inhibitory, despite
the same neuron being able to form more than one type of synaptic
connection. So ’excitatory’ nodes, when positively activated, propa-
gate a positive signal, and ’inhibitory’ nodes, likewise, propagate a
negative signal.

At each time-step, all incoming signals of every bit string are added
and activation is either propagated or not. Upon receipt, all signals
are decayed, before being summed. The decay factor was chosen to be
0.95, and a single node’s activation decay (not the propagated decay)
from one time-step to the next was set at tn+1 = 0.1 ∗ tn. So if a note
has activation 10 at t5 and received no input, it will have activation
1 at t6. For clarity in exposition, all activations were given a max-
imum/minimum of 10 and −10 respectively. Any activation above
that was kept at the max/min value before decay and propagation.

For the results demonstrated in Section 4.4, all nodes were given
these dynamics, effectively implementing standard artificial neurons
with linear transfer functions (see Haykin [60] for a comprehensive
overview).

4.4 results

The previous sections show that network motifs, hierarchy, and dy-
namic flexibility are central aspects of any cognitive mechanism. A
computational architecture which is capable is proxying these char-
acteristics may indeed be valuable in gaining insight into the inner-
workings of human learning, behavior and decision-making.

Enter RSDM. The following results demonstrate how a high-dimen-
sional binary vector space implemented in sparse, distributed fashion
while applying rotational connectivity between its virtual nodes, can
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model the characteristics of neuronal network motifs and dynamic
reconfiguration of functional/effective connectivity.

It is shown here that RSDM can implement every major motif found
in literature. In addition, it is demonstrated that RSDM can be dy-
namically (i. e. in execution-time) be reconfigured by realizing and
cancelling directed connections between its nodes. Finally, I argue
that the characteristics of the sparse and distributed implementation
of RSDM coupled with its rotational connectivity is a natural model
of the structural-functional-effective interpretation of brain hierarchy
and modularity.

4.4.1 Implementation of neuronal motifs in RSDM

Results show that RSDM can model the most frequent neuronal mo-
tifs. The following figures show RSDM’s implementation of the major
neuronal motifs in current research.

Figure 15 shows the behavior of circuits from Figure 13c and Fig- convergence /
divergenceure 13b, illustrating how RSDM can instantiate the most basic mech-

anisms of neuronal behavior: convergence and divergence. The addi-
tion of a neuronal signal causing strong activation in a node, and the
propagation if that signal to n other nodes. Note that node ’mid’ re-
ceives activation from 3 nodes, therefore its own activation is much
higher (in fact capped). In turn, it propagates a much higher level of
activation (at time t3) to its target nodes µ,ν and η.

α β γ mid µ ν η

t0

α β γ mid µ ν η

t1

α β γ mid µ ν η

t2

α β γ mid µ ν η

t3

α β γ mid µ ν η

t4

α β γ mid µ ν η

t5

t0 t1 t2 t3 t4 t5

α, β, γ over time

t0 t1 t2 t3 t4 t5

mid over time

t0 t1 t2 t3 t4 t5

µ, ν, η over time

Figure 15: convergence / divergence — α, β and γ add their activation to mid, which in turn
passes a higher activation to µ, ν and η. Diagrammed in Figure 13c and Figure 13b. Original
inp. signal not shown, occurs only at t0.
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an aside on formatting : The activation diagrams contained
in this section will all hold to a similar format. The initial panels will
show the activation profile of the circuits’ nodes at each pertinent
time step, The first panel represents t0, the second t1 and so on, until
the relevant behavior is fittingly exemplified. The bottom row of pan-
els will show the evolution of one or more pertinent nodes, always
compared to the original input signal received by the circuit, which is
always displayed in a blue dashed line, for convenient identification.
When the original input signal (always labeled ’inp’ is not shown
on a graph, the reader may presume it was a single input activation
ocurring at t0. Where aesthetics allow, the diagram of the motif in
question will be repeated near to its activation results.

Figure 16 shows the application of lateral inhibition, illustrated inlateral inhibition

Figure 13a. This neuronal mechanism is known to be present in breath-
ing and in attentional focus, dealing with execute control. The first 9
panels show how β maintains its activation while forcing α and γ

to become deactivated, despite the continued incoming signal of the
input node. The bottom 3 panels show the activation of each node,
respectively, compared to the initial input (shown in the blue dashed
line).

inp α β γ

t0

inp α β γ

t1

inp α β γ

t2

inp α β γ

t3

inp α β γ

t4

inp α β γ

t5

inp α β γ

t6

inp α β γ

t7

inp α β γ

t8

t0 t1 t2 t3 t4 t5 t6 t7 t8

α over time

t0 t1 t2 t3 t4 t5 t6 t7 t8

β over time

t0 t1 t2 t3 t4 t5 t6 t7 t8

γ over time

Figure 16: Lateral Inhibition — the first 9 panels show the activation behavior of nodes
α,β and γ (diagram in Figure 13a), β inhibits α and γ despite sustained activation from
the input. The bottom 3 panels show the activation of the 3 nodes as compared to the input
stimulus shown in dashed blue (’inp’ in the first 9 panels).

The recurrent excitation circuit (in Figure 13d) shows some interest-recurrent excitation

ing characteristics. In the base activation graphs, shown in Figure 17a,
a single signal propagates across the circuit, and returns to α. If the
input signal lasts for two time-steps, as in Figure 17b, a wave pat-
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t4

inp α β γ δ

t5

inp α β γ δ

t6

inp α β γ δ
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t0 t1 t2 t3 t4 t5 t6 t7

α over time

t0 t1 t2 t3 t4 t5 t6 t7

β over time

t0 t1 t2 t3 t4 t5 t6 t7

γ over time

t0 t1 t2 t3 t4 t5 t6 t7

δ over time

(a) single input burst at t0 the single
signal propagates forward and returns
to α.

inp α β γ δ

t0
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inp α β γ δ

t3

inp α β γ δ

t4

inp α β γ δ
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t0 t1 t2 t3 t4 t5 t6 t7

α over time

t0 t1 t2 t3 t4 t5 t6 t7

β over time

t0 t1 t2 t3 t4 t5 t6 t7

γ over time

t0 t1 t2 t3 t4 t5 t6 t7

δ over time

(b) double input burst at t0 and t1 cre-
ates a traveling wave of oscillation.

inp α β γ δ
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inp α β γ δ

t1

inp α β γ δ

t2

inp α β γ δ

t3

inp α β γ δ

t4

inp α β γ δ
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t0 t1 t2 t3 t4 t5 t6 t7

α over time

t0 t1 t2 t3 t4 t5 t6 t7

β over time

t0 t1 t2 t3 t4 t5 t6 t7

γ over time

t0 t1 t2 t3 t4 t5 t6 t7

δ over time

(c) intermittent double input burst at
t0 and t2 creates a pattern of on-
on, off-off activation, reminiscent of
quadruped animal movement.

(d) motif diagram, as in Figure 13d,
this same circuit exhibits the three ad-
jacent patterns of behavior.

Figure 17: Recurrent Excitation — in the bottom line of panels in Figure 17a, Figure 17b and
Figure 17c, inp. is in blue, dashed triangles, for clarity.

tern is formed, travelling in a circle through the circuit. This can be
a proxy for wave generating neural mechanisms. In Figure 17c, the
same circuit, upon receiving an intermittent burst of inputs (at t0
and t2) generates a "by-twos" oscillation, reminiscent of animal trot-
ting (stepping with the front left and hind right at the same time,
then the reverse). This shows traces how RSDM, in a very straightfor-
ward fashion, provides insight into how simple neural mechanisms
can generate varied patterns of behavior.

The positive feedback mechanism, from the diagram in Figure 13e, positive feedback

shows the most basic feedback mechanism, where an activated node
returns activation to its incoming node. Figure 18 shows how a single
input generates a basic oscillation-style propagation in the circuit’s
ouput. This mechanism could be used, in turn, to generate the inter-
mittent activation used as input to the circuit in Figure 13d generating
the pattern in Figure 17c.

In Figure 19 the activations from circuit Figure 13f, which imple- negative feedback

ment negative feedback are shown. Node α transmits its activation to
β, which impedes the output from ever activating and, simultane-
usly causes α to lose activation, despite sustained input. The reader
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may note that this is a composite feedback mechanism (employing a
’middle’ inhibitory node) as opposed to the direct feedback shown in
Figure 13e

inp α β out

t0

inp α β out

t1

inp α β out

t2

inp α β out

t3

inp α β out

t4

inp α β out

t5

inp α β out

t6

inp α β out

t7

inp α β out

t8

α over time β over time output over time

Figure 18: Positive Feedback — the activated β returns the signal to α.

The results in Figure 20a, Figure 20b, and Figure 20c show the in-feedforward loop /
bi-fan / bi-parallel stantiations of motifs Figure 13g, Figure 13h and Figure 13i, respec-

tively. These are presented in unison, because they are modelled after
the results in Milo et al. [97], showing that these motifs are present
in statistically significant amounts in the neural architecture of C. El-
egans — a benchmark of neuroscience research.

In Figure 20a, the input is passed to α and β, which simultaneously
activate γ and δ. One may note that this could be applied as an ’OR’
logical circuit, where both γ and δ are activated if α or β are activated.
The characteristics of the bi-parallel circuit shown in Figure 20b show
the amplification of the signal passed from α at δ.

4.4.2 Flexible, dynamic reconfiguration in RSDM

It remains to be shown that RSDM can flexibly reconfigure its connec-
tions. The lateral inhibition (Figure 13a) circuit was chosen to demon-
strate this, due to its relative complexity, and simultaneous ease of
demonstration. It is shown that lateral inhibition can be suppressed,
then reinstated. In other words, the network instantiated in RSDM can
be dynamically reconfigured. A node can begin by suppressing acti-
vation to its neighbors (β stops α and γ in Figure 16 at t4), then the
suppression mechanism, in the form of the negative connections, can
be undone, allowing α and γ to grow active along with β, then the
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inp α β γ
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inp α β γ
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inp α β γ
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t4
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t5

inp α β γ

t6

inp α β γ

t7
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t8

t0 t1 t2 t3 t4 t5 t6 t7 t8

α over time

t0 t1 t2 t3 t4 t5 t6 t7 t8

β over time

t0 t1 t2 t3 t4 t5 t6 t7 t8

gamma over time

Figure 19: Negative Feedback — β, when activated, spreads negative activation towards α,
cancelling the positive input.

suppression mechanism can be reinstated, all during the execution of
the algorithm.

Figure 21 shows the activation profile in question: β, when acti-
vated, spreads negative activation via two inhibitory interlocutors to-
wards α and γ, cancelling the positive signal from inp. At the end
of t5, the inhibitory connection between β and α/γ is undone, and
the cancelling effect is negated, allowing them to express the activa-
tion received from inp. At t10 the connection is reestablished and the
inhibition resumes.

So far, his section has been careful not to denote any of the con-
stituents in any motif presented as ’neurons’. They may just as eas-
ily denote cell assemblies or entire modules of the brain. They may
denote physically (i. e. at the structural level) proximate cells or rela-
tively distant areas of the brain. In fact, I argue next that it is a more
accurate description that the results shown by the RSDM be considered
effective-level connections.

4.4.3 Towards a computational model of the Structural-Functional-Effective

Several research results presented in this chapter show that hierar-
chical interpretations of the brain’s functioning is a fruitful avenue
of exploration towards understanding cognition. Here I argue that
there exists a straightforward correlation between the neuronal lev-
els of analysis presented in Section 4.2.2 and RSDM. By analogy, we
can interpret the RSDM architecture as holding a similar hierarchy
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(a) Bi-Fan.
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(b) Bi-Parallel.
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(c) Feedforward Loop. (d) diagrams

Figure 20: Significant Motifs in C. Elegans — from Milo et al. [97] — in the bottom line of panels
in Figure 20a, Figure 20b and Figure 20c, inp. is in blue, dashed triangles, for clarity.

as the structural-funcional-effective intepretation of neuronal studies.
This correlation should provide a solid basis for considering RSDM

as a neuroscientifically plausible model of bottom-up cognitive explo-
ration.

The initial parallel that must be drawn is at the structural level,
where physical connections between neurons must be drawn. The
physical distance in the brain is proxied by the Hamming distance in
RSDM (as in SDM). The instantiated hard locations are the physical neu-
rons, which is in line with Kanerva’s original [72] interpretation. The
activation of these given a certain input (in the form of a read opera-
tion at some binary address) is the activation of the brain’s neurons
given a certain stimulus, either from sensory information or memory
itself.

The second layer of interpretation, which already deals in cell as-
semblies, is the functional layer. As described, here we no longer deal
in single neurons, but in correlations in activation of different group-
ings of neurons. The equivalent in RSDM is the result of a read op-
eration. Many ’neurons’ (HLs) play a part in the activation, but any
single neuron plays a minute part in the end result of the final acti-
vation. Conversely, a single neuron (hard location) may play a part
several different responses to several diferent stimuli.

Lastly, and here is where this aplication of RSDM departs signifi-
cantly from SDM, is the effective level, where populations of neurons
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Figure 21: Reconfiguring a Lateral Inhibition in during execution — α and γ begin being
inhibited by β, the inhibition is cancelled, then restored.

acting in unison become nodes, and flows of neuronal activity be-
come edges through which information flows in the form of causally
connected activation. Consequently, it becomes possible to view cog-
nition as a network, with nodes performing different functions as
individual units or as temporally amalgamated modules and clus-
terings. This is modeled in RSDM via the bit-rotation interconnection
mechanism. It is through this mechanism that flexible, dynamic re-
configuration may be implemented and complex patterns of intercon-
nection may arise, such as the motifs presented herein.

With these parallels drawn, one may view the RSDM architecture
as an apt proxy of the human cognitive machinery. The following
section will discuss some ramifications of the results (both practical
and theoretical) shown here.

4.5 discussion and future work

The results presented in this thesis indicate that RSDM is a prime can-
didate for modeling the mechanisms which generate some of the
central aspects of cognitive function. As research shows, flexible re-
configuration and neuronal network motifs are important aspects of
emergent higher level cognitive phenomena. Evidence accumulates
towards their crucial role not only in physiological aspects such as
breathing and muscular control but in executive function, including
working memory, inhibitory control, attentional control and cognitive
flexibility.
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It is the contention of this thesis that valid models of higher-cogni-
tive phenomena must take into account the Experience Recognition
framework (see Part i), and that these mechanisms, applied via RSDM

are a worthwhile path of exploration towards the end result of XR.
Indeed, one may posit that to truly arrive at the first, the latter must
be effectively implemented.

The subjects probed here are in the early stages of exploration in
neuroscience, and computer models which implement these mecha-
nisms for simulation or the corroboration of theories are scarce, while
genuine real-world applications are even more scarce (at the time of
this writing). Meanwhile, applied results in computer science and
expert systems are yet dominated by traditional machine-learning al-
gorithms or some variation of deep-learning, and models which ap-
ply concepts of the fundamental neuronal network mechanisms are
almost wholly unexplored in decision-making literature.

The Rotational Sparse Distributed Memory architecture can pro-
vide an avenue for the exploration of applied expert systems, decision-
support systems and simulations of behavior based on the central
mechanisms of brain architecture, while maintaining utility as mod-
els of high-level cognitive phenomena, such as analogical-mapping,
and semantic spreading activation.

There are a number of avenues for future work, at least three of
which can be clearly contemplated. Firstly, there must be an attempt
to attack some of the benchmark problems of decision-science: recom-
mendation systems and other challenges undertaken by deep-learning
architectures should provide fertile grounds. Secondly, further explo-
ration of RSDM as a neuronal model must be undertaken — can oscil-
lation and synchrony emerge? Can small-world and rich-club topolo-
gies be instantiated? And if so, what correlation in parameters can
be made to actual brain networks? Lastly, what, if any, useful models
can be drawn utilizing RSDM as a substrate for higher-level models of
cognition — can RSDM be used as a network for an analogy-making
system (such as those in [42, 68, 99])? If so, what advantages and
drawbacks will this entail?

This study barely touches the surface of the connection between
neuronal architectures and the decision sciences. There is yet much
to learn about human decision-making, and about how to improve it.
Inasmuch as many questions remain open, I hope to have provided
a small contribution to this immensely rich and crucially important
scientific endeavor. There remains a profusion of questions to be ad-
dressed, which makes for terrific research challenges and potentially
ample results to be obtained. Let’s get to work.



Part III

" . . . , C O G N I T I O N A N D D E C I S I O N - M A K I N G "

"Everything that has a beginning has an end"

— The Oracle (Matrix Revolutions)

"And in the end, the love you take
is equal to the love you make"

— Paul McCartney (1942–)
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F I N A L R E M A R K S

we cannot escape our experience . Every new experience
we live is shaped by its predecessors. Yet, most extant cognitive mod-
els do not reflect the biases born out of accumulated experience,
or the pervasive influence of context. This work postulates that the
mind’s pattern-recognizing process holds the following properties: it
is a highly path-dependent process; it prioritizes internal encodings;
it is a self-organizing process in constant change; and it constructs its
future information-processing pathways by continuously recognizing
the possibilities that lie within the adjacent possible. This entails a
path-dependence of perceived affordances, are required traits of Ex-
perience Recognition.

Our vocabulary for the future was written in the past. The His-
tory of science and technology is filled with accidents of experience
recognition; when one’s personal experience is transferred to a new,
poorly understood domain, and the words originally used to describe
this new domain survive far into the future: meet the new Porsche,
with enormous ‘horsepower’. In Biology, the term ’cells’ was given
by Robert Hooke because, to him, their view under a microscope re-
sembled rooms on a monastery. Later, parts of the cell were named as
Chromosomes (’colored bodies’) because dyes made them colorfully
visible under a microscope. In Astronomy, Ptolemy rejected the idea
of a moving Earth because that would imply unimaginably powerful
winds, whereas the geostationary Earth was consistent with the lack
of such winds. Ptolemy’s personal experience prevented him from be-
lieving the Earth could be moving across a space without any such
wind. As Indurkhya [71, p. 33] states:

"When we consider changes in ontology, [an] issue to pon-
der is whether there are any criteria that identify certain
ontology-changing moves rational and others irrational.
There is obviously difficulty in positing any such criterion
a priori. This is because in projecting a new theory onto
a phenomenon, one cannot determine beforehand what
the new ontology of the phenomenon would be and what
consequences it might have".

As we attempt to model human information-processing, a produc-
tive avenue is, perhaps, to study how people match their surround-
ings to previous pathways of information-processing — Experience
Recognition. If we focus on the experience, the path-dependence of
affordances, we may be able to better understand how our compu-
tational models reflect, or fail to reflect, human cognition. Through

67
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careful comparisons between human information-processing trajec-
tories and trajectories generated by computational models, we may
eventually be able to glance at advances in computational theories
of intelligence, skill, and, perhaps, the mechanisms of inner human
experience.

This work has provided three contributions, one towards further
exploring the theory and viability of Experience Recognition as an
avenue of exploration in cognitive models. The second presented Ro-
tational Sparse Distributed Memory and established its validity as a
model with psychological and neurological plausibility, in addition
to showing its relevance as an applied tool. The final contribution
applied RSDM towards modeling neuronal motifs, showing it can pro-
vide the flexibility and hierarchical organization inherent in current
neuroscientific results.

There is much yet left to be explored, but I hope these small contri-
butions may afford fruitful avenues for future research into the nature
of human cognition.
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