


The Computational Evolution of Cognitive
Architectures



OXFORD SERIES ON COGNITIVE MODELS AND ARCHITECTURES

Series Editor
Frank E. Ritter

Series Board
Rich Carlson
Gary Cottrell
Robert L. Goldstone
Eva Hudlicka
William G. Kennedy
Pat Langley
Robert St. Amant

Integrated Models of Cognitive Systems
Edited by Wayne D. Gray

In Order to Learn: How the Sequence of Topics Influences Learning
Edited by Frank E. Ritter, Joseph Nerb, Erno Lehtinen, and Timothy O’Shea

How Can the Human Mind Occur in the Physical Universe?
By John R. Anderson

Principles of Synthetic Intelligence PSI: An Architecture of Motivated Cognition
By Joscha Bach

The Multitasking Mind
By David D. Salvucci and Niels A. Taatgen

How to Build a Brain: A Neural Architecture for Biological Cognition
By Chris Eliasmith

Minding Norms: Mechanisms and Dynamics of Social Order in Agent Societies
Edited by Rosaria Conte, Giulia Andrighetto, and Marco Campenni

Social Emotions in Nature and Artifact
Edited by Jonathan Gratch and Stacy Marsella

Anatomy of the Mind: Exploring Psychological Mechanisms and Processes with the
Clarion Cognitive Architecture
By Ron Sun

Ezxploring Robotic Minds: Actions, Symbols, and Consciousness as Self-Organizing
Dynamic Phenomena
By Jun Tani

Brain—-Mind: From Neurons to Consciousness and Creativity
By Paul Thagard



Mind—Society: From Brains to Social Sciences and Professions
By Paul Thagard

Natural Philosophy: From Social Brains to Knowledge, Reality, Morality, and
Beauty
By Paul Thagard

Computational Models of Reading: A Handbook
By Erik D. Reichle






The Computational Evolution of
Cognitive Architectures

Tuliia Kotseruba
and

John K. Tsotsos

OXFORD

UNIVERSITY PRESS



OXFORD

UNIVERSITY PRESS

Great Clarendon Street, Oxford, OX2 6DP,
United Kingdom

Oxford University Press is a department of the University of Oxford.
It furthers the University’s objective of excellence in research, scholarship,
and education by publishing worldwide. Oxford is a registered trade mark of
Oxford University Press in the UK and in certain other countries.

© Oxford University Press 2025
The moral rights of the authors have been asserted.

All rights reserved. No part of this publication may be reproduced, stored in a retrieval system,
transmitted, used for text and data mining, or used for training artificial intelligence, in any form or
by any means, without the prior permission in writing of Oxford University Press, or as expressly
permitted by law, by licence or under terms agreed with the appropriate reprographics rights
organization. Enquiries concerning reproduction outside the scope of the above should be sent
to the Rights Department, Oxford University Press, at the address above.

You must not circulate this work in any other form
and you must impose this same condition on any acquirer.

Published in the United States of America by Oxford University Press
198 Madison Avenue, New York, NY 10016, United States of America

British Library Cataloguing in Publication Data
Data available
Library of Congress Control Number: 2025933530
ISBN 9780192844835
DOI: 10.1093/0s0/9780192844835.001.0001
Printed and bound by CPI Group (UK) Ltd, Croydon, CR0O 4YY

The manufacturer’s authorised representative in the EU for product safety is
Oxford University Press Espafia S.A., Parque Empresarial San Fernando de Henares,
Avenida de Castilla, 2 — 28830 Madrid (www.oup.es/en or product.safety@oup.com).

OUP Espana S.A. also acts as importer into Spain of products made by the manufacturer.

Links to third party websites are provided by Oxford in good faith and
for information only. Oxford disclaims any responsibility for the materials
contained in any third party website referenced in this work.


http://www.oup.es/en
mailto:product.safety@oup.com

Foreword

I greatly enjoyed reading Kotseruba and Tsotsos’s very useful journal article
(Kotseruba and Tsotsos, 2020) providing a review of cognitive and agent
architectures. I also enjoyed and profited from reading this longer version,
The Computational Evolution of Cognitive Architectures, which updates and
extends their survey. This book provides a comprehensive review of the
literature that includes many useful references and summaries of work along
with a framework for interpreting what has been accomplished so far.
Their expanded survey is the largest, most comprehensive, insightful, and
informative to date.

This book will inspire further work. It provides much useful material for
thinking about work in this area and seeing where progress has been made.
Equally or perhaps even more importantly, it will help the reader to see where
progress has not been made and where the reader can find areas to make
progress based on the reader’s interests, capabilities, and resources. In my
case, it has suggested changes to two books and three projects I'm working on
now (e.g. Ritter & Serdiuk, 2024). Thus, this book will be useful for modeling
courses, for advanced modelers, and those wanting a survey of the field. The
deeper you look into it, the more you will find.

Frank E. Ritter
frank.ritter@psu.edu
October 16, 2024
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What is this book about?

This book is a result of many years of surveying cognitive architectures and
building a cognitive architecture called STAR that grew out of the successful
Selective Tuning model of human visual attention proposed by John Tsotsos
from the late 1980s onwards.

To inform our own research, we were interested in the past and current
efforts towards building cognitive architectures. We found many excellent sur-
veys, but they were either too narrowly focused or out of date. Even compiling
a list of cognitive architectures proved to be a challenge as this information
was spread across numerous disparate sources. Therefore, we conducted our
own broad review of the field. The result of this work is our account of how
cognitive architectures evolved in parallel with artificial intelligence (AI) and
cognitive science, what goals were pursued by their creators, what paths have
been taken, what has been achieved, and what lies ahead.

Contents of the book

To ensure objectivity and expand the scope of our review, we adopted a data-
driven approach. We began by selecting a representative sample of cogni-
tive architectures from hundreds of projects. Then, we gathered thousands
of publications on these projects and carefully studied them to categorize
architectures and their properties based on the existing and newly defined
taxonomies. These annotations provide the quantitative foundation for our
analysis, which includes diagrams and tables that offer a big picture of the
topics covered in the book. However, not everything could be quantified in this
manner. Therefore, in addition to visualizations and statistics, we summarized
and analyzed theory and implementation of cognitive architectures in more
detail. Here too, we attempted not only to discuss theories and algorithms but
also provide the necessary background for their origins. To do so, we surveyed
hundreds more reviews, books, research papers, and magazine articles covering
a range of topics in philosophy, psychology, neuroscience, computer science,
and robotics.

The field of cognitive architectures developed at the intersection of many
disciplines. It combines and refines a multitude of perspectives on the nature of
human cognitive abilities to produce complex software and hardware artifacts,
hundreds of which have been developed to date. However, this book does not
attempt to discuss each architecture in isolation. Instead, we group common
themes aggregated across dozens of projects into four parts:

Part I is dedicated to the overview of cognitive architectures, what they are
about, where they come from, and what kinds there are.

Part II goes into details of the individual components of cognitive architec-
tures that correspond to core human cognitive abilities—perception, memory,
learning, and reasoning. In the final chapter, we explore how these components
are arranged and interact within the typical
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Part III answers a simple question—what can cognitive architectures do?
Here, we identify and categorize hundreds of applications of cognitive archi-
tectures. We also look at the methods for assessing performance of cognitive
architectures in qualitative or quantitative terms.

Part IV examines recent developments in artificial intelligence and their im-
plications for cognitive architectures. The book concludes with a summary of
the challenges faced by the field of cognitive architectures, based on the views
of the community and our own observations, as well as promising directions
and best practices for future research.

Within each of these parts, individual chapters go into more specific de-
tails of the corresponding topics. While the content of each chapter differs, a
consistent structure is maintained throughout, as follows:

e Each chapter begins with the summary of its contents and key sections
within it, providing an overview of what is to come;

e The first section is usually dedicated to the definitions of basic terms and
taxonomies that frame the discussion that follows;

e Next is a high-level overview of the topic, often accompanied by visualiza-
tions to add structure to concepts;

e The bulk of each chapter focuses on the detailed descriptions and anal-
yses of the approaches to modeling particular human cognitive abilities.
Typically, many specific examples of theoretical and algorithmic solutions
found in different cognitive architectures are provided;

e Fach chapter concludes with the summary of the most salient points dis-
cussed.

Who should read this book?

We hope that the information in this book will interest a wide range of readers
who want to learn about the progress towards modeling human cognition. The
book is particularly geared towards those who work with and develop their
own cognitive architectures or are involved in the field in some capacity.

As the number of cognitive architectures continues to grow and existing
ones evolve, keeping track of them all becomes increasingly difficult. Given that
these architectures stem from a wide range of disciplines, including biology,
computer science, and philosophy, the literature is dispersed across many
publication outlets and is challenging to navigate.

This book aims to bridge this gap by providing a comprehensive guide and
a reference for theoretical foundations and engineering aspects of cognitive
architectures. Due to the breadth of the material covered, the use of specialized
terms could not be avoided. Therefore, a certain level of familiarity with
research in artificial intelligence prior to deep learning (e.g. topics covered in
Russell and Norvig’s (2020) textbook) is expected, as well as basic understand-
ing of the terminology and methodology used in psychology, neuroscience,
philosophy, and cognitive science.

Acknowledgments

This book would not have materialized without efforts of many people. First,
we would like to thank Frank E. Ritter who championed this project. His
guidance, encouragement, and advice throughout the publishing process and
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extensive comments on the draft of the manuscript were invaluable. We ap-
preciate the support of Martin Baum, Joan Bossert, and Karen Bunn at
Oxford University Press. Many thanks go to our copy editor Joy Mellor for her
meticulous and thorough work on the manuscript and to our project manager
Priyanga Velmurugan at Integra Software Services. We are grateful to Amir
Rasouli for thorough proofreading multiple drafts of the book, many helpful
discussions, and lots of useful suggestions. Lastly, we appreciate the thought-
ful and constructive feedback we received from Gary Bradshaw, Christopher
Dancy, Hillmer Chona, Ion Juvina, William G. Kennedy, Robert St. Amant,
Alexei Samsonovich, and Jun Tani. While this book benefited greatly from the
expertise of reviewers, we take full responsibility for any mistakes in the text.






Part 1

COGNITIVE ARCHITECTURES: AN
OVERVIEW

We begin the book with three chapters introducing cognitive architectures.
Chapter 1 discusses the definitions and goals pursued by creators of cognitive
architectures and lists the projects that will be discussed in the rest of the
book. Chapter 2 is dedicated to the history and development of cognitive
architectures at the intersection of artificial intelligence and cognitive science.
In Chapter 3 we categorize the set of selected cognitive architectures based on
their type, internal representations, and cognitive conformity.






1 What Are Cognitive Architectures?

Cognitive architectures emerged in the early 1970s as a response to a dominant
paradigm in computer and cognitive science that pursued modeling isolated
aspects of human intelligence. Proponents of cognitive architectures sought
a more holistic view of the human mind and its operation that integrated
theoretical knowledge with experimental data and could be implemented as
a software artifact. The premise of this approach was that a combination
of theory and engineering could help identify gaps in knowledge, make new
predictions, test their validity, and aid in developing cognitively plausible
computational solutions.

In practice, however, designing and building cognitive architectures proved
to be no easy feat, requiring multidisciplinary expertise in addition to for-
midable programming skills. But, perhaps, the most persistent challenge was
posed by the inherent ambiguity of the core concepts, such as intelligence and
cognition, as well as the notion of cognitive architecture itself. Therefore, in
this introductory chapter we will begin by fleshing out the definitions, goals,
and key properties of cognitive architectures.

Section 1.1 describes the original proposal of cognitive architectures and its
intent.

Section 1.2 details what cognitive architectures model, at what level of ab-
straction they operate, and what properties they must possess to represent
various aspects of human cognition.

Section 1.3 discusses the theory and implementation aspects of cognitive
architectures.

Section 1.4 investigates the differences between cognitive architectures, their
instances, and the underlying software infrastructure needed for their function-
ing.

Section 1.5 gives an estimate of how many cognitive architectures have been
developed to date.

Section 1.6 defines inclusion criteria for the cognitive architectures that form
the basis for this book.

1.1 Definition and motivation for cognitive architectures

Cognitive architectures are often called “blueprints” for human cognition (Duch
et al., 2008; Bach, 2009; Vernon, 2014) because they define the building blocks
that correspond to various human cognitive abilities and outline the infor-
mation flow among them. Although the term “cognitive architecture” first
appeared in print in (Anderson, 1983a, p. ix), the concept is attributed to
Allen Newell. The General Problem Solver (GPS), which he developed together
with Herbert Simon and John Clifford Shaw in 1959, is widely regarded as a
precursor to cognitive architectures. Newell’s
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Cognition is a culmination of many years of research and remains one of the
most important texts in the field.

1.1.1 Beyond binary questions

A better understanding of cognitive architectures can be gained from exam-
ining the rationale behind their development as described in a seminal paper
by Newell (1973b). There, he outlined an alternative to the prevailing re-
search paradigm in cognitive science, which focused on investigating cognitive
phenomena in isolation. Newell compared it to the classic verbal guessing
game of twenty questions, where one player thinks of an object and others
try to identify it by asking yes-no questions (is it small? does it move?). In
this analogy, scientists play against nature by asking questions and obtaining
answers through empirical studies with two types of variables: independent
and dependent. The experimenter varies the conditions specified by the inde-
pendent variable and records the changes in the outcome (dependent variable).
Next, statistical test is applied to determine whether these observed changes
happened merely by chance or were actually caused by manipulating the
conditions. Depending on the findings, the theory is revised, new questions
are asked, and further experimentation follows.

Although this methodology generated large volumes of empirical data,
Newell argued that a coherent theory of the human mind was unlikely to
emerge from a collection of disjoint factoids. Time has validated his concerns,
as there is still no unified theory of cognition today. In the meantime, lack of
effective knowledge accumulation has been attributed to three key issues.

Cognitive phenomena are hard to define and quantify. Physics is ar-
guably one of the greatest examples of successful integration of empirical data
in science. Rakover (2020) argues that this was only possible because a cor-
respondence exists between theoretical and observational terms. Specifically,
physics operates with the International System of Units (SI) based on seven
fundamental units of measurements (e.g. kilogram, meter). Therefore, physical
concepts, like length, can be measured in standard units that in turn can
be manipulated mathematically; among several sticks of varying lengths the
longest one will have the highest numerical value assigned, their lengths can
be added, etc.

In contrast, psychological concepts are more complex, multidimensional,
and open to interpretation. While some have operational definitions, there are
no standard units of measurement. One can assign numerical values to cogni-
tive concepts, such as IQ score to measure intelligence. However, there is no
guarantee that the relationships among the values will reflect the relationships
among the concepts—a person with an 1Q of 100 is not twice as smart as a
person with an IQ of 50.

Experiments lack precise definitions. The established experimental pa-
radigm appears to be ill-suited for studying cognitive phenomena. As Almaa-
touq et al. (2024) note, complexity of the human cognition calls for complex
experiments with multiple dependent and independent variables. This makes
the space of possible experiments very large. Worse still, it is difficult to place
experiments precisely within this space because study descriptions often omit
important details and assumptions. Consequently, it becomes nearly impos-
sible to determine why results from different studies contradict one another
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as many potential factors could contribute to the outcome: the experiment
designs could be different, one of the results could be wrong, or the observed
differences in results could point to a genuine distinction. Similarly, when
multiple studies yield comparable findings, it may be unclear whether the
similarities reflect shared experimental methodology or properties of cognitive
phenomena. This uncertainty is further compounded by the imprecise defini-
tions of the concepts themselves.

Experiment data can fit infinitely many theories. Lastly, even assum-
ing that experimental results are valid, deriving a theory from data is not
trivial. Roberts and Pashler (2000) and Garcia-Marques and Ferreira (2011)
argue that for any set of observations, there may be infinitely many functions
that can be fit to it and as many theories that can provide an explanation. At
the same time, there is no certain way of deciding which function or theory
is the best. Goodman’s (1965, p. 309) “new riddle of induction” illustrates
this point. Given the empirical data that natural emeralds are green, one can
reach the obvious conclusion “all emeralds are green.” But it is also possible
to come up with an arbitrary statement “all emeralds are grue,” where “grue“
means “green until some time ¢ and blue thereafter.” Similarly, for any given
experimental result, it is difficult to decide which of the possible hypotheses
is more likely.

The solution to these problems proposed by Newell (1973b) was to guide the
process of questioning the nature by constructing cognitive architectures that
would provide a theory of the human mind to integrate multiple experiments,
unified high-level “grand” theories with low-level experimental results, and
could be implemented computationally, i.e. via software or hardware artifacts.

Each of these requirements contributes to mitigating the issues described
above. For example, implementation naturally forces one to be more specific
when defining a theory and eliminates approaches infeasible in practice. Inte-
gration aims at a more holistic view of cognition by combining observations
about its different parts and inferring what influence they have on one an-
other. In contrast, when only a sliver of the mind’s activity is considered at
a time, connections to other phenomena are often approximated or omitted.
Lastly, the unification requirement posits that a single theory should explain
a wide range of cognitive phenomena using a minimal set of mechanisms and
parameters, i.e. it should be as simple and general as possible.

Thus, cognitive architectures with elegant structures and few intrinsic pa-
rameters that explain multiple observations are preferable to narrow models
that are tailored to specific data. These top-down theoretical constraints can
limit the explosion of possible explanations (Van Rooij, 2008). By design,
cognitive architectures are also less likely to overfit to any specific dataset
because they abstract minute variations in data and focus on general properties
of multiple observed phenomena (Hélie and Sun, 2014).

In addition to the integration, unification, and computability requirements,
Newell stipulated that such systems must be fized structures and perform
symbol manipulation (Newell, 1990, p. 80).

The requirement that cognitive architectures remain stable over time is
largely inspired by the distinction between hardware and software in com-
puters. Hardware in a given computer is fixed compared to the contents of
the registers and software that change more frequently. Similarly, cognitive
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architectures specify the fixed modules and relations among them as well as
representations for encoding problems and generating behaviors. These aspects
of the architecture evolve slowly (on the order of tens of seconds to years), via
changes introduced by the developers or as the architecture itself accumulates
knowledge during operation.

Cognitive architecture on its own cannot do much; only when provided
with the task and knowledge base can it generate output. Thus, the contents
of the modules is not predetermined and can often change during operation.
However, momentary changes in memory contents do not impact the structure
of the system.

The requirement of symbol manipulation or the “physical symbol system
hypothesis,” first formulated by Newell and Simon (1976), states that a sym-
bolic system is necessary and sufficient for producing general intelligent action.
The term “physical” refers to the physical realization of the computation (in a
brain or a computer), symbols are patterns (or tokens) that can be used to form
expressions, and “system” is viewed as an entity capable of running processes
that manipulate symbols according to a predefined set of instructions. This
hypothesis was not derived logically, but rather through generalizing from
empirical evidence: the necessity of symbolism was attributed to the successes
of symbolic artificial intelligence (Al) in a variety of domains, whereas cognitive
science provided human data that supported hypotheses of symbolic processing
and was useful for building symbolic models.

To sum up, cognitive architectures are theories of human cognition that are
computationally implemented as relatively stable structures, can be applied
across many tasks, and operate on symbols. Half a century later, these fun-
damental requirements still guide development of the cognitive architectures,
except for symbolism, which has since been contested. As we will see by the end
of Chapter 3, the term “cognitive architecture” now extends to a much wider
range of systems than Newell and his colleagues had originally envisioned.

1.1.2 Bridging levels of abstraction

Integration, the core component of cognitive architectures, is a way of reconcil-
ing models of cognition different levels of abstraction. To separate conceptually
different ways of describing the mind, Newell (1982) proposed the hierarchy
with the knowledge level at the top, the symbol (program), register, logic, and
circuit levels in the middle, and the device level at the bottom.!

The top knowledge level is concerned with the function and purpose of the
computation. At this level, the agent’s goals and actions to achieve them are
specified. The middle levels in Newell’s proposal are modeled after computer
system hierarchies and reflect his physical symbol system hypothesis. The
bottom device level defines what hardware the computation is running on
(e.g. a computer or a biological brain).

1The idea of separating theory from implementation is usually credited to David Marr. Much like
Newell (1973b), who advocated for integration of theory and experiments in cognitive science, Marr
aimed to lead computational vision away from merely designing data structures and algorithms to
solve problems and toward more holistic understanding of computation. To do so, Marr proposed
the following three-level hierarchy with computational theory (describing “what” and “why”) at
the top, representations and algorithms (“how” to solve the problem) in the middle, and hardware
implementation (e.g. in a computer or a brain) at the



Definition and motivation for cognitive architectures \ 11

In this hierarchy, the levels in the middle are fully reducible and indepen-
dent of each other. This enables program development at multiple levels in
parallel. For example, programmers do not need to know how to design logic
circuits to write code and managers can give tasks without knowing how to
program. Thus, reducibility of levels ensures that a high-level description of the
program can be expressed in terms of lower levels, e.g. assembly instructions,
binary code, all the way to physical transistors.

However, the highest knowledge level cannot be reduced to the lowest device
level entirely because some concepts simply do not exist there. Because more
information is available at higher levels, reduction down the hierarchy is under-
determined, i.e. the mapping between theoretical concepts and implementation
is not one-to-one but rather one-to-many. For instance, a general concept
of sorting can be implemented by many distinct algorithms with different
properties.

Levels of abstraction applied to cognitive architectures provide a framework
that merges theory with empirical results. Theoretical descriptions of the
fixed structures and processes that support intelligent behavior reside at the
knowledge level. At this level, one can use human performance on behavioral
tasks to explain the purpose of the computation and define desired inputs
and outputs. The target at the bottom level is represented by neural models
and data. Both the abstract ideas at the top level and physical constraints
at the bottom level help select appropriate representations and algorithms
in the middle level. By ensuring that algorithms and representations process
information and produce outputs consistent with behavioral and neural data,
cognitive architectures effectively bridge all three levels (Cooper and Peebles,
2015; Griffiths et al., 2015).

1.1.3 Reverse engineering the mind

Cognitive architectures can be viewed as attempts to reverse engineer the
human mind by creating artifacts with human-like behavior and internal struc-
ture. The idea of reverse engineering ultimately rests on the assumption that
cognitive processes that enable intelligence are tractable and can be specified
and articulated as a computer program. At the core of this assumption is the
recognition that the human brain has finite computational capacity, which
puts constraints on what it can compute. One possible formalization of such
constraints is given by Van Rooij (2008) as polynomial-time computable,
which also includes super-polynomial computations confined to small input
parameters (referred to as fixed-parameter tractable by Downey and Fel-
lows, 1995). However, not all ascribe to this view. A different perspective is
given in Landgrebe and Smith (2022), who gather evidence from mathematics,
computer science, and biology to show that cognition (even at the level of
vertebrates) is fundamentally out of reach for computational modeling on the
grounds of its complexity.

Presuming that the mind is tractable and can be described in computa-
tional terms, one can start either at the top or the bottom of the hierarchy. The
issues with the bottom-up approach of collecting and aggregating empirical
evidence were discussed earlier. To that, we add an interesting experiment
that illustrates the practical limitations of such empirical methods. Jonas and
Kording (2017) tested the effectiveness of neuroscience methods by applying
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them to a known man-made system—the MOS6502 microprocessor. Although
some understanding of the microprocessor was gained through connectomics,
lesions, analysis of tuning properties, local field potentials, and other common
techniques, the information obtained in this manner still was not sufficient to
fully reconstruct the original circuit. It is likely that similar efforts may fail or
result in suboptimal designs when applied to evolved natural objects that are
more complex and where many-to-many relationships exist between elements
of the system and their functions.

The process advocated by Newell (1982) is to start with the specification of
the agent at the knowledge level and working toward the implementation. This
path is not without downsides either as it ultimately rests on the optimistic
assumption that human cognitive function is understood and can be described
in a way that is not too general, not too limiting, and computationally feasible.

In summary, for a top-down model of cognition, one needs to precisely
specify the function to be computed, which may not be possible. Working from
the bottom layers toward the top is also problematic. The immense amount
of accumulated experimental data does not cover all phenomena and at times
presents contradictory evidence, which is hard to analyze due to the inherent
ambiguity of concepts and lack of reliable techniques for statistical analysis,
leaving gaps in our knowledge.

Thus, cognitive architectures are typically constructed via an iterative
process that combines both theorizing and experimentation (Anderson, 1991).
The development of the architecture starts with the hypothesis, based on
which a prototype is implemented. The next step is evaluation which may
reveal errors and biases in the implementation. These issues are then corrected
by modifying the implementation, updating the hypothesis, or bringing in
new data. Ideally, multiple hypothesis-implementation-evaluation-update cy-
cles would simultaneously expand architecture’s explanatory capabilities and
unify the underlying empirical observations into a coherent whole. In reality,
as the rest of this book will demonstrate, every step described above is rife
with non-trivial problems and solutions that lead to dead ends.

1.2 What do cognitive architectures model?

Nearly all cognitive architectures declare that modeling aspects of human
cognition is their goal, but few specify precisely what it means. Often the
definition of cognition as human-level intelligence is implicit in references to
other artificial and biological systems, as well as high-level descriptions of the
characteristics and abilities of the architectures.

In this section, we will look at psychological and computer science defini-
tions of intelligence that inspired most cognitive architectures, discuss at what
level of abstraction intelligence is modeled, and what properties are considered
essential for intelligent behavior.

1.2.1 Toward human-level intelligence and beyond

The concept of “intelligence” is widely used and easily understood; yet, a
formal, precise, and general definition of intelligence has remained elusive.
Because what is colloquially considered intelligent is rather broad, there are a
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growing number of proposals that emphasize different aspects of intelligence.
Historically, intelligence has been investigated across many disciplines, often
independently of one another, resulting in many context-specific proposals and
definitions (see the comprehensive list in Legg and Hutter, 2007a).

Intelligence in psychology

In psychology, research on intelligence has mainly focused on identifying dis-
tinct cognitive abilities and measuring them through carefully designed tasks
and assessments. The most established theory of human cognitive abilities
with the largest amount of empirical support to date is the Cattell-Horn-
Carroll (CHC) theory (Flanagan and Dixon, 2014). It is a combination of the
fluid-crystallized theory developed by Cattell (1963) and Horn (1991) with
Carroll’s (1993) three-stratum theory of cognitive abilities.

The original Cattell’s theory listed two primary factors: fluid intelligence
(inductive and deductive reasoning, and learning determined by biological
factors) and crystallized intelligence (acquired knowledge abilities determined
by social and cultural factors). This model was further expanded by Horn
to include eight abilities: visual perception, auditory perception, short-term
memory, long-term memory, speed of processing, reaction time, quantitative,
and reading-writing.

Carroll’s (1993) three-stratum theory is based on an extensive collection
of quantitative experimental data related to various aspects of human perfor-
mance across hundreds of abilities and tasks. Through factor analysis applied
to this data, Carroll identified hierarchical relationships between general in-
telligence, abilities, and tasks.

Stratum I, the lowest in the hierarchy, contains a large number of narrow
abilities (e.g. induction, reading comprehension, perceptual speed) that can be
directly measured through psychological tests. These abilities are subsumed
by broader Stratum II abilities, including fluid and crystallized intelligence,
perceptual abilities, memory retrieval, and cognitive speediness. Finally, at the
apex of the hierarchy, Stratum III represents general intelligence (or simply
the g factor).

Strata locations within the hierarchy are related to the order of factor
analysis. First-order factors result from analysis of correlations between the
original values in the experimental results. Second-order factors emerge from
examining correlations between first-order factors, and so on (Carroll, 2005).

Despite differences between the Cattell-Horn and Carrol’s taxonomies, for
practical reasons they were later integrated by McGrew (2005) into a single
CHC theory? (Wilhelm and Kyllonen, 2021). For nearly three decades CHC
served as a dominant framework for studying human intelligence. It has pri-
marily been used to design, administer, and interpret numerous intelligence
tests for education, theory development, and clinical diagnoses (McGrew, 2023).
As such, it is currently the most complete and continuously updated taxonomy
of human cognitive abilities (Flanagan and Dixon, 2014; Wasserman, 2019).

Intelligence in computer science

Definitions of intelligence in computer science and Al were influenced by
advancements in cognitive science but even more so by a number of practical

2See a visual tour of CHC by Schneider and McGrew
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considerations, such as utility, adaptability, robustness, and response time
of the artificial systems. These properties are a common thread in many
definitions of intelligence from the Al standpoint (Winston, 1992, p. 5; Legg
and Hutter, 2007a; Luger, 2009, p. 8; Russell and Norvig, 2020, p. 36).

Given the computational nature of most Al efforts, a formal mathematical
definition of general machine intelligence is highly desirable for more principled
development and evaluation of intelligent systems. So far, the most consistent
push in this direction was made by Legg and Hutter (2007b). From a large
sample of over seventy definitions of intelligence found in encyclopedias, com-
puter science, and psychological literature, Legg and Hutter (2007a) derived a
verbal definition of intelligence as the property of an agent that can sense and
interact with the environment, succeed in pursuing goals, and adapt to changing
objectives and conditions. They also proposed a mathematical formalism based
on this definition, which represents the universal intelligence of an agent 7 in
terms of environment p, goal (implicit in the environment), and the agent’s
ability to achieve the goal, as given by the value function V1 (Legg and
Hutter, 2007b):

Y(m):= Z 2_K(“)VJ.
pner

However, an agent’s performance depends not only on its abilities but
also on the properties of the environment. In highly limited settings, even
a very simple agent can trivially succeed. To account for this, an additional
term 275 is introduced in the equation above, which weights the agent’s
performance by the complexity of the environment.3

Despite claimed advantages, such as a clear mathematical formula applica-
ble to a broad range of biological and artificial entities, this definition is not
without issues. Perhaps, the most significant is the decision to fold the goal
into the environment rather than attributing goal-setting to the agent. Fur-
thermore, there are problems with applying this definition in practice because
values of the numeric terms in the equation cannot be derived analytically.
Instead, they must be estimated based on the sample of the agents working
toward various tasks in a range of environments. Interestingly, this aspect is
reminiscent of the approach taken in psychology, which likewise operates with
estimates of human performance measured through experimentation.

Intelligence in cognitive architectures

Most cognitive architectures are created as models of human intelligence. How-
ever, for the majority of projects no concrete definition of human intelligence is
provided. Below we provide examples of how intelligence was operationalized
in some cognitive architectures by combining aspects of psychological and
computer science definitions.

3Legg and Hutter in their definition incorporate the Kolmogorov complexity measure established
in the information theory. Kolmogorov complexity K of an algorithm is defined as the length of
the shortest computer program that reproduces it. As such, K can be applied to the description of
the environment p represented as a binary string. Then, K(u) becomes the length of the shortest
program that can produce the description of p as output. Naturally, longer programs would be needed
to describe more complex environments, reflected in a higher value of Kolmogorov complexity. When
this is the case, the discounting factor in the authors’
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Soar. General intelligence is defined as the ability to 1) perform tasks of
varying complexity (from routine to open-ended), 2) use appropriate problem-
solving methods and representations, and 3) learn about all aspects of tasks
and its own performance on them (Laird et al., 1987). An extensive list of
sample tasks is provided, for many of which human performance data is
available for comparison.

RCS. Intelligence is framed as the ability of a system to achieve goals in an
uncertain environment by choosing actions that increase the probability of
success (Albus, 1991). The elements of intelligence include sensors, sensory
processing, world model, values, behavior generation, and actuators. Intelli-
gence is measured by a vector of values that include 1) the computational
power of the computer, 2) the complexity of the system’s elements, 3) the
information in the system’s memory, and 4) the elegance of the system archi-
tecture. Notably, learning is not listed as necessary for intelligence, only to
become more intelligent.

NARS. A working definition of intelligence is the ability for an information-
processing system to adapt to its environment with insufficient knowledge and
resources (Wang, 1995b). Here, an information-processing system consists of
formal language, semantics, inference rules, memory, and a control mechanism.
Insufficient knowledge and resources place the following restrictions: finite
information-processing capacity, real-time response, and an open task and
knowledge (any that can be represented in the system’s language).
CogPrime. General intelligence is defined as the ability to achieve complex
goals in complex environments, using limited resources (Goertzel et al., 2013).
The mathematical formalism for this definition is derived from the Legg and
Hutter’s (2007b) equation that we saw earlier, with additional terms to express
goals and computational resources (Goertzel, 2010). Like Soar, CogPrime has
an associated list of tasks that represent the space of intelligent behaviors.

While it is not always stated, human-level cognitive abilities may still be
implicitly expected of cognitive architectures, given that any system capable
of modeling and explaining human cognition should possess similar qualities.
In this context, the definition of intelligence becomes part of the solution—
identifying sufficient and necessary properties of intelligence is key to under-
standing its nature, modeling its workings, and evaluating the outcomes.

One important factor to consider is what reference point to set for human
level of intelligence. By definition, most humans possess human-level intelli-
gence, yet their individual abilities vary significantly, resulting in a wide range
of performances when treated as a population. Therefore, when attempting
to quantify human-level intelligence, three general approaches can be taken:
averaging the performance of multiple individuals, determining a range of
performance that applies to the majority of the population, or considering only
the top performance achieved within the population. Psychological research
primarily concentrates on the first two—establishing an average performance

4ACT-R, EPIC, ICARUS, and PRODIGY are broadly considered as belonging to the Newell
tradition and thus likely use a similar definition of intelligence. DAC, although it is not commonly
listed as a part of the group, recasts Soar’s definition of intelligence within a Bayesian decision-making
framework (Verschure and Althaus, 2003).
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or performance range for various groups of humans on specific tasks. In con-
trast, the field of Al focuses on matching or surpassing top human performers
across multiple tasks and abilities.

Goals and conceptual frameworks of many cognitive architectures are a
blend of approaches borrowed from psychology, neuroscience, and computer
science. For instance, intelligent behavior is often framed in the Al tradition as
action, inference, and learning for achieving goals. However, when it comes to
evaluation, the emphasis is skewed toward matching a typical human behavior
rather than surpassing the top-performing humans, especially in architectures
influenced by psychology and cognitive science. Chapter 10 revisits the topic
of evaluating cognitive architectures in more detail.

1.2.2 Desiderata

Besides definitions of intelligence and other core concepts, many creators of
influential architectures also formulated lists of desirable features or desiderata
for short. The first such list was proposed by Newell (1980) and another
dozen or so lists by other authors appeared during the next several decades.
These desiderata often represent personal preferences embedded in respective
projects and may not necessarily apply to the entire field. But despite their
somewhat subjective nature, these lists reveal what aspects of the cognitive
architecture development were considered important by their designers.

Due to the differences in how each author expressed their views, there is
no common format for desiderata. As a result, the same concepts appear in
different lists at different levels of generality (e.g. learning vs. reinforcement
learning) and from different points of view (e.g. cognitive vs. biological).
Certain items, such as real-time operation, autonomy, or self-awareness, are
not precisely defined and operationalized, while definitions of others may
overlap (e.g. development, adaptation, and learning refer to aspects of the
same process).

With these considerations in mind, we grouped similar desiderata from
twelve lists into broader topics and summarized how often each theme was ad-
dressed across lists Table 1.1. We will now briefly discuss each group, starting
from the most frequently mentioned.

Learning. The ability to learn is considered by many as essential for in-
telligent systems, therefore this property is included in more than half of
the lists. In particular, Newell (1980; 1989) emphasized the importance of
learning from the environment, experience, and via developmental processes.
Others focused on specific learning mechanisms, e.g. bottom-up (Sun, 2004),
perceptual (Vernon et al., 2016), error-driven (O’Reilly, 1998; Sun, 2004),
Hebbian (O’Reilly, 1998), and meta-learning (Thérisson and Helgasson, 2012).
It is often acknowledged that a combination of multiple learning mechanisms
would further improve the adaptability and robustness of the system.

Hardware and software design. Implementation is a substantial part of
any cognitive architecture, and there are a number of things to consider when
designing hardware and software. For example, Krichmar (2012) advocates
for biologically motivated principles initially proposed by Pfeifer and Bongard
(2006) for cognitive robotics. According to these principles, robot design should
be appropriate for its niche and tasks to ensure the balance between the
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Table 1.1 A table listing desiderata grouped by topic (rows) and lists of desiderata (columns). Plus
symbols (‘+') indicate that one or more desiderata in the list belong to the corresponding topic. Topics
are sorted by the total count of corresponding desiderata across all lists.
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complexity of the agent’s perception, motor and neural systems, and the
properties of the environment. Although cheap design is a basic principle in
biological systems, it is rarely exploited in the existing cognitive robots that
require extensive computation, consume too much power, and often fail to take
into account the properties of their domain.

With regard to software, Medeiros (1998) prioritizes ease of development
and suggests modular, flexible, and expandable design. Modularity has addi-
tional advantages, e.g. it allows encapsulating mechanisms functionally and
anatomically (Sun, 2004) and accommodates diverse implementation methods
for different subsystems (Pack et al., 1997; Sun, 2004). Krichmar (2012) argues
for more biologically motivated modularity, where parts of the system are

loosely coupled and perform overlapping functions to increase the overall
redundancy.

Representation. The choice of representation has numerous consequences
for the design of the entire system. Therefore, it is not surprising that multiple
desiderata relate to the structure and function of internal representations.
What representation is appropriate for modeling cognition remains a highly
contended topic. Those who worked on symbolic architectures promoted rule-
based approaches that supported the use of symbols, abstractions, and natural
language (Newell, 1980; Laird and Wray III, 2010), whereas others argued for
the use of subsymbolic representations, such as neural networks, that were
deemed more flexible and biologically realistic (O’Reilly, 1998) or hybrid rep-
resentations combining both symbolic and subsymbolic elements (Sun, 2004).

The advantages and disadvantages of these representations are covered in more
depth in Section 3.3.

Knowledge. Reasoning and decision-making rely on information that the
intelligent system has at its disposal. A large, extendable, and easily accessible
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knowledge base is a must for most non-trivial applications (Newell, 1980;
Newell et al., 1989; Laird and Wray III, 2010). Typically, knowledge is stored
in and managed by a dedicated memory system, often subdivided into more
specialized subsystems that store factual information, personal experiences,
procedural skills, and sequences of motor actions (see Chapter 5).

Goal-driven behavior. Setting and completing goals is considered by many
as the basis of intelligent behavior. Wooldridge and Jennings (1995) refer to it
as proactive, i.e. taking an initiative to satisfy some objective, as opposed to
reactive behavior that responds to the changes in the environment. Medeiros
(1998) similarly notes that reactions to external changes should be guided
by the objectives of the main task. An intelligent system should deliberately
choose its goals and commit to them instead of pursuing a single hard-coded
task. According to Pack et al. (1997), these goals must evolve over time. Newell
(1980) and Vernon et al. (2016) point out the prospective nature of goal-
setting, such that the system anticipates the desirable outcome and strives to
achieve it. Vernon et al. (2016) also emphasize the importance of goal-setting in
the developmental context, citing psychological studies that observed infants
performing goal-directed actions to develop sensorimotor abilities.

Biological realism. Although most designers of cognitive architectures strive
to achieve some degree of biological realism, there is no strict meaning of what
it entails. Newell (1980) in his set of desiderata stated that the system should
be realizable within the brain, but noted that our understanding of what the
brain is and does is subject to change. Varma (2014b) suggests that biologically
realizable systems should be merely consistent with the neural information
processing instead of directly mimicking it. According to O’Reilly (1998),
biologically realistic systems should provide insight into how brain processes
give rise to cognition. Thus, any cognitive processes should be informed and
constrained by the evidence provided by neuroscience, and any mechanisms
that are not consistent with what is known about the brain should be avoided
even if they perform a similar function. Complexity constraints apply here
too—any computation that exceeds resources available in the brain must be
modified accordingly (Tsotsos, 2017).

Another aspect of biological realism is the evolutionary history of cognitive
abilities. Sun (2004) suggests that a cognitive model of human intelligence
should be reducible to models of animal intelligence. In other words, data
structures and computational mechanisms proposed for human and animal
cognition must not be drastically different but rather form a continuum.

Reactivity. While many desiderata focus on goal-setting as a signature of
intelligent behavior, reactivity is equally necessary for adaptation and timely
response to changing environment (Wooldridge and Jennings, 1995; Medeiros,
1998). Newell (1980) argues for reactivity as a way of adjusting to the demands
of the environment, which cannot be achieved if the system is purely goal-
driven and unresponsive to the external influences.

Value system. The value system should at least include the basic under-
standing of what is good and bad for the artificial entity itself. This property is
present in virtually all biological organisms and according to Krichmar (2012),
is key to learning and acting within the environment. However, implementing
intrinsic values is difficult since they are dissociated from the artificial body
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(real or simulated), whereas in biological systems, pain, pleasure, hunger, and
fatigue drive a true value system. Thus, a biologically realistic implementation
would require the incorporation of the neuromodulatory system into decision-
making. Vernon et al. (2016) stress the importance of basic drives in shaping
the intelligent system through development. Wooldridge and Jennings (1995)
further suggest ethical aspects, such as veracity and benevolence. The former
guarantees that the intelligent agent will not knowingly lie, and the latter that
the agent will try to do what is asked of it.

Resource management and attention. Intelligent systems placed in rela-
tively complex environments have to deal with the constant stream of incoming
information, multiple goals, and limited resources. A number of resource man-
agement mechanisms have been suggested to tackle these problems. Attention
is perhaps the most common one, which allows focusing on the events and ob-
jects that are salient or relevant to the current goals (Pack et al., 1997; Vernon
et al., 2016; Thérisson and Helgasson, 2012). In the case of conflicting goals,
the system must correctly prioritize them and select the most appropriate one
for execution (Medeiros, 1998).

Motor control. The ability to control a physical or simulated body is needed
for many tasks. Basic moving around is the minimum requirement (Wooldridge
and Jennings, 1995). However, in order to perform multiple tasks of differ-
ent types and varying complexity, a body with many degrees of freedom
is necessary (Newell et al., 1989). Together, the multitude of tasks and the
complexity of the body require rich control knowledge. One of the possibilities
of organizing such knowledge is via a hierarchy where complex tasks are
composed of primitive operations. Such organization is more efficient because
it allows reuse of knowledge and consistent with the developmental paradigm,
which proceeds from simple to complex tasks (Laird and Wray III, 2010).

Social skills. Although the ability to interact with other artificial agents or
humans is arguably important, it is included only in three lists, namely, by
Newell et al. (1989), Wooldridge and Jennings (1995), and Pack et al. (1997).
The first one particularly emphasizes the social aspects of autonomy, whereas
the other two consider the social skills on their own. There is little discussion
on what social skills may be, only Wooldridge and Jennings (1995) speculate
that they involve communication via language.

Real-time operation. Real-time operation is typically defined with respect
to the passage of time in the external environment and the speed of events
in it. As long as the system operates fast enough to respond to those events,
it may be considered real time. Newell (1980; 1989) mentioned the real-time
requirement as one of the constraints that affects all processes in the system.
For example, it can put limits on the rate of input that the system receives
and speed of its reaction. Consequently, a combination of incomplete sensory
information and insufficient time for processing it can result in potentially
suboptimal decision-making and prompt corrective actions.

Thérisson and Helgasson (2012) consider real-time operation as crucial
for any autonomous embodied system that must act in synchrony with its
environment. To them, four aspects of real-time operation are important: gran-
ularity (the amount of uninterrupted processing between accepting new input),
reactiveness (efficiency of the sense-act pathway), temporal planning horizon
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(for long-term tasks), and uptime of the system (continuous or intermittent
operation).

Robustness and reliability. Besides being able to operate in normal con-
ditions, the system must gracefully handle imperfect or incomplete inputs,
unexpected events, and malfunctions (Newell, 1980; Medeiros, 1998). This is
necessary for operating without catastrophic failures or performance degrada-
tion over the lifetime of the agent.

Self-awareness and meta-cognition. In addition to sensing and reasoning
about its surroundings, an intelligent system must have some understanding
about its knowledge, abilities, and limitations. In their desiderata, Newell et al.
(1989) include self-awareness, roughly defined as the ability to model, reason
about, and modify itself, although do not mention any direct implications for
the design of the architectures. This is addressed by Laird and Wray III (2010),
who point out the importance of meta-cognition for resource management,
error correction, and learning. However, the necessary extent of introspection
remains an open problem. For instance, humans do not have a complete
knowledge about the state of their body and mind and often realize their
deficits only after experiencing a new situation or performing a new task.
Psychological evidence suggests that self-management and self-reflection skills
of humans are not part of the established system, but rather a set of strategies
contingent on individual experience and cultural background (Fletcher and
Carruthers, 2012).

Autonomy. Autonomy, like cognition and intelligence, is a difficult concept
to define. The literal meaning of the word is “self-governing,” and the concept
of autonomy as such is implied in some desiderata (e.g. goal-driven behavior,
learning, meta-cognition, and value systems). Explicitly, autonomy is stated
only in three lists, four if counting Thoérisson and Helgasson’s (2012) paper,
where all desiderata are viewed as aspects of autonomy. Wooldridge (1999)
explains autonomy as the ability of the system to operate without interventions
from others and to control its own actions and internal state. Newell et al.
(1989) consider two aspects of autonomy: independence of the environment and
socialization. Although seemingly contradictory, interaction with other agents
in the environment is a necessary requirement for developing and maintaining
autonomy. Vernon et al. (2016) follow a similar definition but expand it further
by separating behavioral and constitutive autonomy. The former defines the
extent to which the system is independent of external influences, and the
latter focuses on the ability to maintain itself through self-introspection and
self-control.

Embodiment. Embodiment goes beyond the physical body and motor con-
trol discussed earlier. In other words, not every system that can operate
on hardware is necessarily embodied. The primary distinction of embodied
systems is that their physical structure and dynamics are an inseparable part of
their cognition (Vernon et al., 2016). This implies that the body itself is embed-
ded in the surrounding environment and should have adequate complexity and
functionality for that environment (Krichmar, 2012). Thus, in the embodied
entity, the brain, body, and the environment are tightly linked. Consequently,
changes to any of these component affect the entire system: modifications to
the body affect cognitive processes constrained by what the body can do, and
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changes to the environment result in the appropriate adaptations in both the
body and cognition.

Sensory-motor coordination (SMC). SMC refers to how biological or-
ganisms develop behaviors and acquire skills through interactions with the
environment. The range of behaviors and skills obtained in this way can be
quite varied, from simple gripping to mastering a musical instrument or driving
a vehicle, or distinguishing between different objects. SMC is typically found
in the embodied and developmental architectures (Krichmar, 2012; Vernon et
al., 2016).

The coupling of perception and action is a drastic departure from the
typical processing pipeline implemented in most artificial systems. As a re-
sult, SMC provides 1) physical control over objects, 2) naturally matches
the level of perceptual and motor competence, 3) induces correlations in the
sensory-motor space enabling figure-ground separation, object categorization,
learning of affordances, and natural attention abilities, 4) integrates multiple
sensory modalities, e.g. visual, haptic, proprioceptive, and 5) learns sensory-
motor coordination itself from the signals produced by self-motion (Pfeifer and
Scheier, 1997).

Perception. Despite the apparent need for perceptual input for any intelli-
gent system, only two lists of desiderata mention this requirement explicitly.
Newell et al. (1989) pointed out that architectures at the time did not elab-
orate perception sufficiently and instead worked with the preprocessed input.
Although some progress toward more realistic perception has been made since,
this problem is still far from being solved. While purely software systems can
be provided with the input in any form, systems implemented in hardware
must deal with physical sensors and the accompanying noise. As a result, most
integrate input data from multiple complementary sensors to compensate for
their limited accuracy and reliability (Medeiros, 1998).

The lists of desiderata discussed above reflect personal preferences in the
development of cognitive architectures voiced by influential figures in the field.
Taken together, they reveal areas of consensus that guided prior research and
points of contention that can inform future efforts.

Overall, core properties of the intelligent system (general design and rep-
resentations), cognition (acquisition and use of knowledge), and goal-driven
behavior (presence of internal motivation) have been the main focus of the field
since its inception. Other desiderata, such as biological realism, perception,
embodiment, meta-cognitive abilities, systems engineering, have received less
support historically but are gradually becoming more prominent. Furthermore,
several important items, such as ease of system integration, reproducibility,
and evaluation, are notably absent from all lists. This reflects the current state
of the field, as will be evident from discussions in Part II and conclusions in
Chapter 12.

1.3 From theory to software

Earlier, we described cognitive architectures as bridging multiple levels of
abstraction, from high-level purpose of computation to the underlying physical
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substrate. A similar hierarchy can be established for different stages of develop-
ing the architecture. The following categorization by Cooper and Guest (2014)
is one such example that distinguishes between theories and implementations:

Conceptual theory. A theory is usually a high-level verbal description of
the cognitive phenomena and processes modeled within the architecture (see
Section 3.2).

Specification. Specification provides a more technical and precise formaliza-
tion of theory, usually accompanied by information such as flow diagrams,
characterization of inputs and outputs, and computational procedures for
deriving outputs from inputs.

Implementation. The implementation of the theory is a source code, a
binary file, or a physical device designed according to the specification using
particular software/hardware tools.

Transitioning from high-level theories to practical implementations can
be challenging, as verbal theories often focus on justifying their approach
through references to other theories and concepts, while omitting technical
details. Specification fills this gap by providing additional assumptions that
may not be relevant to the theory but are essential for implementation. Such
a specification should also permit validation and replication regardless of
the availability of implementation. Finally, the implementation may contain
additional assumptions that are specific to the programming language and
libraries used to build it, but need not be included in the specification.

In general, as with the levels of abstraction, the mapping between theories
and implementations is not one-to-one. For example, the same theoretical pro-
posal may lead to vastly different implementations; a well-known Belief-Desire-
Intention (BDI) framework proposed by Rao and Georgeff (1995) has served as
a basis for numerous distinct agent, cognitive, and robot architectures, as has
Baars’s (1988) Global Workspace Theory. Similarly, a single data structure or
piece of code can represent multiple concepts—graph structures are equally
suited for symbolic knowledge representations (e.g. semantic nets) as well as
distributed ones (e.g. models of neurons).

An additional source of variability is modifications to the architecture as it
evolves over time, even if the underlying theory remains the same. To illustrate
this, we will consider the MIDAS architecture implementing attention model
developed by Wickens et al. (2003). In the original version, perceptual data
and world knowledge were represented using a graph structure with nodes
and links corresponding to concepts and relationships between them (Corker
et al., 1997). However, in later versions, frames replaced semantic networks
(Tyler et al., 1998).

The complex relationship between concepts, specification, and implementa-
tion requires additional validation steps to determine whether the specification
truly represents the conceptual theory and whether implementation is correct
with respect to specification. Validation should be ideally performed after any
changes are introduced at any level of description.

In practice, given the complexity of the cognitive architectures, both de-
scriptions and evaluation are lacking. Most cognitive architectures we reviewed
are presented on the level between conceptual theory and specification. This
lack of clarity poses a serious reproducibility issue, as the available information
is often not sufficient to fully understand the theory and its formalization
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needed for recreating the implementation, which is not available for many
projects. In addition, evaluation procedures do not always follow best prac-
tices. We discuss this further in Chapters 10 and 12.

1.4 Distinguishing frameworks, architectures, and
instances

Translating cognitive architectures into software or hardware artifacts requires
extensive infrastructure. Besides implementing the components of the archi-
tecture, additional software is often needed for accessing and modifying the
internal settings, visualizing intermediate processing results and final outputs,
interfacing the architecture with external sensors or actuators, adding exten-
sions to the architecture, evaluating its performance, debugging any software
and hardware issues that may arise, and more. In most cases, implementation
of these additional components has no relation to theoretical and structural
commitments of the given architecture. But it does add another level of ab-
straction between the theory and its implementation. Below we will expand
on the implementation level described in the previous section by discussing
frameworks, architectures, and their instances.

Software framework. Frameworks are software tools for implementing ab-
stract architectures.® These frameworks provide a high-level interface for spec-
ifying the design of components, connections among them, visualization, simu-
lation environment or interfaces for hardware, support for additional libraries,
various utility functions, etc., which greatly simplifies development and proto-
typing. Usually, few if any constraints are imposed on the internal organization
of components or the type of computation within them.

Perhaps, the most known and mature generic framework is Robot Op-
erating System (ROS) (Quigley et al., 2009). Although it can be used to
implement an entire cognitive architecture, in practice ROS usually serves
as a convenient interface between robotic platforms and existing cognitive
architectures. For example, DIARC and LIDA leverage ROS to connect to
simulated environments, use available robot models, and perform low-level
operations, such as motion planning (Madl et al., 2016; Wilson et al., 2016).
DIARC itself is implemented within another framework called Architecture
Development Environment (ADE) (Scheutz et al., 2007). Another robotic
framework RoboComp (Manso et al., 2010), tailored toward developing intel-
ligent agents, has been used to build RoboCog and its descendant CORTEX,
as well as a recent project MERLIN (Gonzélez-Santamarta et al., 2020). The
OpenCog framework (Hart and Goertzel, 2008) likewise aims to support an
architecture-neutral development of integrated Al agents and is currently
being used to implement OpenCogPrime.

Such frameworks are a relatively recent development compared to the
timescale of the architectures we are considering, therefore the majority of
the projects we reviewed, especially the early ones, were custom built from
scratch. Projects developed in the past two decades tend to rely more on

5Many frameworks are themselves based on middleware, which typically sits between an operating
system and applications to enable communication in a distributed system. Technically, middleware,
forms another layer of abstraction, but we omit it here for
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the existing software for common computations, such as navigation, basic
perceptual operations, common algorithms, etc.

Architecture. Implementation of the core modules based on the verbal the-
ories and specifications within a given framework and in a given programming
language.

Instance/model/agent. In order to apply a cognitive architecture to spe-
cific tasks, additional information is needed, such as task description, in-
put/output specification, knowledge base, parameters, interface with a robotic
platform, etc. Therefore, a single cognitive architecture can give rise to multiple
instances, which are also referred to as models or agents in the literature.

The range of abilities that a single instance of the architecture can demon-
strate varies significantly. The most common models are developed to replicate
specific aspects of human behavior, such as reaction time or eye movements, on
narrowly defined tasks. Hundreds of such models have been built to simulate
psychological experiments using ACT-R, EPIC, and CHREST (see Chapter 9
for more examples).

Models that perform more broadly defined tasks also exist. For example,
Guardian for ICU patient monitoring (Hayes-Roth, 1996), Patient Advocate
for in-home patient support (Miksch et al., 1997), and Albots for office surveil-
lance (Hayes-Roth et al., 1993) are all instances of the same AIS architecture.
Similarly, the Subsumption architecture has been implemented on a number of
custom built robots, such as Herbert, Tom and Jerry, Genghis, Seymour, and
Toto, each equipped with different sensors and capable of performing different
actions (Flynn and Brooks, 1989).

The objective of this book is to examine cognitive architectures not merely
from a theoretical perspective but also through their practical implementa-
tions in specific instances. However, in the literature, theory, framework, and
instances are often not clearly distinguished. This becomes a problem when the
architecture has multiple implementations in different programming languages
and multiple instances of each for different tasks. In this case, referring to
models or instances using the same name as the architecture can lead to
potential confusion. This brings us to the next topic—determining the number
of cognitive architectures.

1.5 How many cognitive architectures are there?

There are very few estimates of the size of the field of cognitive architectures.
Existing catalogs of architectures list up to several dozen projects. For our
recent survey of the past forty years of cognitive architectures (Kotseruba
and Tsotsos, 2020), we aggregated many surveys and lists, in addition to
combing through thousands of results returned by academic search engines
such as Google Scholar and the now defunct Microsoft Academic. This effort
netted over 300 projects that were identified as cognitive, agent, or robotic
architectures by their respective authors. However, this figure is also likely
inaccurate because of the following factors contributing to the inconsistent
naming and versioning of the cognitive architectures.

Unnamed projects. When a project does not have a consistent title, iden-
tifying related publications becomes very difficult. There are several architec-
tures that are known by their author’s names, e.g. the Haikonen cognitive
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architecture (HCA) or Maes’s behavior networks. However, in general, rely-
ing on the authors’ names alone is not a viable option, as this approach is
susceptible to changes in the research team.

Naming instances. Even if a project has an assigned title, there is no es-
tablished convention for separating the architecture itself from its extensions
and instances. As a result, they may be treated inconsistently, sometimes as
separate entities and sometimes as a part of the architecture that spawned
them. For example, Dav and Sail are two robotic systems based on the SASE
cognitive architecture, but all three are often treated as different projects in
the literature.

Versioning. Long-lived projects inevitably go through many changes and at
some point begin to diverge from their initial form, in terms of both theory and
implementation. There are three possibilities when dealing with such changes:
1) No change tracking. The majority of projects we reviewed do not track
changes in the architecture itself or its implementation explicitly. Many do not
have project pages or source code publicly available, some are too short-lived
to require change tracking, and for others, the details are buried in publications
and difficult to extract.

2) Name change tracking. Some projects assign a new name to major exten-
sions, such as Metacat for a meta-cognitive extension of Copycat, LIDA for
a learning successor of IDA (Intelligent Distribution Agent), and 4D/RCS for
Dickmanns’s (1990) 4D approach to vision integrated with the RCS (Real-time
Control Systems) architecture.

3) Software versioning. Several projects explicitly maintain versions following
software engineering conventions of assigning a number to major and minor
releases, as well as patch updates.

Soar is one of the best maintained and documented architectures among
the ones we reviewed. Each software release on the Soar project webpage® has
detailed notes on the changes to the API and the architecture itself. In addi-
tion, a review paper by Soar’s principal investigators Laird and Rosenbloom
(2014) describes a history of Soar versions 1 through 6. According to these
sources, some versions involved substantial changes in theory (e.g. introduction
of subgoaling in Soar 2 and adoption of the single state principle in Soar 5),
while others were mostly implementational (e.g. Soar 6 was a rewrite of Soar
5 for portability and efficiency).

Much less information is available for other architectures. For example, re-
lease notes on ACT-R and NARS are spotty, but reviews of their development
by Ritter et al. (2019) and (Wang, 2006b, pp.354-356), respectively, fill some
gaps. Other projects, such as BECCA, CLARION, CHREST, OMAR, MIDAS,
and RCS, also use the software naming convention, but not all changes are
documented consistently or described in published papers. Similar to Soar, the
major versions of the architectures can entail either theory or implementation
changes, or both.

In some cases, both names and versions of the architectures changed over
time. For example, ACT-R (Adaptive Control of Thought—Rational), orig-
inated as the Human Associative Memory (HAM) model, which was later
renamed to ACTE and ACT*, and, eventually became known as ACT-R, with

6
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numeric versions starting with ACT-R 2.0 (Anderson and Lebiere, 1998; Ritter
et al., 2019). Similarly, CLARION was initially based on the CONSYDERR
architecture (Sun and Peterson, 1998a), with explicit versions starting with
CLARION v4.”

External contributions. Complicating the matters further, sometimes pro-
jects can gain a substantial community besides the main research group. Con-
tributions from external sources may extend existing theory, implementation,
or application domain. For architectures like ACT-R, Soar, and ART, the
additions are quite significant. However, it remains uncertain whether these
extensions should be considered as part of the architecture, even if they align
with the objectives of architecture’s creators.

Broad definition. Besides the naming and versioning issues, the concept of
a cognitive architecture has a very broad definition. As we will see later in
Chapter 3, even projects such as ACT-R, Soar, CLARION, and EPIC, which
are indisputable examples of cognitive architectures, have been referred to as
different types of intelligent systems.

In sum, determining an accurate count of cognitive architectures is very
challenging for the following reasons: a) unnamed projects are virtually im-
possible to trace in the literature, so their number remains unknown; b) incon-
sistent naming and versioning criteria complicate identification of individual
projects; and c) there is no clear distinction between cognitive architectures
and other intelligent systems, such as robot control architectures, expert sys-
tems, reasoning engines, frameworks, neural models, and large-scale brain
simulations.

In this book, we identify projects primarily by their names. To honor the
diversity of opinions in the literature, we considered all projects that were
relevant to the declared purposes and goals of cognitive architectures, even if
the authors of those projects did not explicitly consider them as such. After
excluding frameworks and specialized models (e.g. standalone simulations of
emotion or specific tasks), we estimate the total number of projects as not
exceeding 250.

1.6 What architectures are covered in this book?

Our goal in writing this book was to focus on the significant projects that have
broad lessons. Hence, we reduced the initial set of 250 architectures to a more
manageable size by establishing the following inclusion criteria:

1. The architecture should have a minimum of 5 peer-reviewed publications;

2. There is sufficient evidence that the architecture has been implemented as
a software or hardware artifact (e.g. source code, demo, etc.);

3. The publications should have at least 50 citations (this requirement was
relaxed for more recent projects).

The first requirement sets some expectations for the maturity of the project.
Given the complexity of the human mind, even projects focusing on isolated

7
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aspects of cognition require significant time commitment. Most known archi-
tectures have been in development for decades.

The second requirement provides some guarantees that the theoretical con-
cept is practically viable. There are, of course, many theoretical architectures
that were not implemented by their authors but had significant influence on
the field, e.g. Minsky’s Society of Mind or Ullman’s visual routines. We do not
cover them separately, but rather through the prism of the implementations
that they inspired. Another example is the Common Model of Cognition
(CMC), which is an effort toward creating a standard model of the mind,
much like a standard model in physics. It seeks unification of three successful
cognitive architectures, ACT-R, Soar, and Sigma. From its origins from the
2013 AAAI Fall Symposium on Integrated Cognition (Burns et al., 2014), the
CMC project generated many fruitful discussions, but its goal is to provide a
blueprint and direction for further development of human-like rather than a
concrete implementation (Laird et al., 2017), therefore we do not discuss it in
this book.

The third requirement is to ensure that the work is impactful. Thus, we
excluded architectures where more than half of the papers were uncited and
those with too few citations overall.

After careful consideration, we selected a set of 68 cognitive architectures
and 18 related projects (listed in Table 1.2) that have been influenced by a
number of fields, including philosophy, psychology, cognitive science, neurosci-
ence, biology, engineering, and Al. Approximately half of these projects are
still being actively developed. This covers nearly half a century of research:
work on the oldest architecture in this book, RCS, began in the early 1970s,
whereas the most recent project we considered, MBCA, was introduced in

2018.

1.7 Summary

e The term “cognitive architecture” refers to a proposal for the design and
implementation of an artificial entity capable of intelligent behavior in a rea-
sonably complex environment. Cognitive architecture is akin to a blueprint
which specifies the necessary components that enable a variety of abilities
and that remains stable over the lifetime of the system. However, architec-
tures are not immutable—both their contents and structure can gradually
change over time.

e The number of modules within the system, their functionality, internal rep-
resentations, etc., as well as information flow between the modules may differ
significantly across architectures; however, they should be to some extent
based on the understanding of human cognition and exhibit comparable
behavior.

e Implementation in the form of software or physical artifact is generally
expected to accompany the theoretical description, but is not mandatory.
We limit the discussion in this book to cognitive architectures with imple-
mentations because we see it as a proof of practical viability.

e The relationship between the implementation and theory is not one-to-one:
for any given theory there may be multiple possible algorithmic solutions
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and a specific implementation can be interpreted from various theoretical
standpoints.

e Theoretical backgrounds of cognitive architecture range from a complete
unified proposal to a disjointed set of theories that do not contradict each
other. Most architectures focus on modeling some aspects of cognition in
detail and approximate or omit the rest.

e Cognitive architectures typically take years, if not decades, to develop,
often evolving away from the initial proposal. These changes are sometimes
formalized as a new version of the architecture or a new architecture al-
together. However, versioning and naming conventions are not consistent
across projects, because there are no agreed upon criteria for what amount
of change calls for a new version of the architecture vs. a new architecture.

e For the reasons above, the exact count of cognitive architectures cannot be
established, but we estimate that nearly 250 cognitive architectures have
been proposed since the 1970s. The publications and implementations of 68
architectures and over a dozen of related projects were used as a reference
for writing this book.
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Table 1.2 Cognitive architectures covered in this book (in alphabetical order). “Timeline” for each
architecture is established based on the publications or project webpages. “Present” means there was
a publication or a project update within the last three years (since 2021). The “related projects” column
lists significant extensions or predecessors of the respective architectures. These were considered when
discussing theory and practical abilities of the architectures. “Key references,” in our opinion, provide the

best overview of the respective cognitive architecture.

Timeline Architecture Related projects Key references
1 1996-2007 3T RAP Bonasso et al., 1997
2 1976-present ACT-R Anderson et al., 2004; Ritter et al., 2019
3 2004-2017 ADAPT Benjamin et al., 2004
4 1983-2003 AIS Hayes-Roth et al., 1992; Hayes-Roth, 1995
5 2015-present ARCADIA Bridewell and Bello, 2016
6 1976-present ART Grossberg, 2021
7 1991-1994 ATLANTIS Gat, 1998
8 19812007 BBD Krichmar and Edelman, 2005; Edelman, 2007
9 2007-2018 BECCA Rohrer, 2012
10 1981-2007 CAPS Just and Carpenter, 1992; Varma, 2014a
11 2006-2016 CARACaS CAMPOUT Huntsberger et al., 2011
12 2009-2014 CERA-CRANIUM Arrabales et al., 2009¢
13 1992-present CHREST CHREST+ Gobet and Lane, 2012
14 1993-2008 CIRCA Hy-CIRCA, SA-CIRCA  Musliner et al., 1993
15 1994-present Clarion Hélie and Sun, 2010; Sun, 2020
16 1993-2002 Cog Brooks et al., 1999
17 1989-2019 COGNET Zachary et al., 1998
18 2008-present CogPrime DeSTIN Goertzel et al., 2013
19 2004-present CoJACK JACK Ritter et al., 2012
20 2004-present Companion Forbus and Hinrichs, 2006
21 1984-2006 Copycat Metacat Hofstadter and Mitchell, 1994
22 2015-present CORTEX RoboCog Bustos et al., 2019
23 1992-present DAC DAC-h1, DAC-h3 Verschure, 2012
24 2005-present DIARC Schermerhorn et al., 2006; Scheutz et al., 2019
25 1986-present Disciple Tecuci and Hieb, 1996; Tecuci et al., 2019
26 1994-2020 DUAL AMBR Kokinov, 1994b
27 1994-present EPIC Kieras, 2007
28 2010-present ERA Morse et al., 2010
29 1990-1993 ERE Bresina and Drummond, 1990
30 1991-present FORR Epstein et al., 2002
31 1992-2013 GLAIR MGLAIR Shapiro and Ismail, 2003
32 2007-present HCA Haikonen, 2007
33 1989-—present ICARUS PUG Choi and Langley, 2018
34 1990-present IMA Kawamura, 2023
35 1995—present IMPRINT Mitchell, 2000; Allender, 2000
36 1998-2009 Kismet Breazeal, 2003a
37 1996-present Leabra O'Reilly et al., 2012
38 2006-present LIDA IDA, VMattie, CMattie ~Baars and Franklin, 2003; Franklin et al., 2016
39 1997-present LISA DORA, JIM, MoralLISA Hummel and Holyoak, 2003
40 1999-present MAMID Hudlicka, 2002
41 2018-2021 MBCA Schneider, 2018
42 2001-present MDB Bellas et al., 2010a
43 2017-present MECA Gudwin et al., 2017
44 1991-2019 Meta-AQUA Cox, 2005
45 1981-present MHP MHP-RT Card et al., 1986
46 2003-2019 MicroPsi Psi Bach, 2009
47 1985-2019 MIDAS APEX Freed, 1998
48 2011-present MIDCA Meta-AQUA Cox et al., 2022
49 1983-present NARS Wang, 1995a; Wang et al., 2016; Wang, 2022
50 1993-2014 OMAR D-OMAR Deutsch and Pew, 2019
51 19862011 OSCAR Pollock, 1987
52 20022013 Polyscheme Cassimatis et al., 2009
53 1986-2005 PRODIGY Veloso et al., 1995
54 19862004 PRS Georgeff and Lansky, 1987; d’Inverno et al., 1998
55 1988-1992 RALPH Russell, 1991
56 1971-2011 RCS 4D/RCS, NASREM Albus, 1991
57 2008-2014 SAL Jilk et al., 2008
58 1993-2008 Saphira Konolige et al., 1997
59 2008-2014 SASE Weng, 2002
60 1993-2013 SHRUTI Shastri, 1999
61 2008-present Sigma Rosenbloom et al., 2016
62 1982—present Soar Laird, 2012a; Laird, 2022a
63 2012-present SPA Eliasmith et al., 2012; Eliasmith, 2013
64 2006-2019 SS-RICS Kelley, 2006
65 2014-present STAR Tsotsos et al., 1995; Tsotsos and Kruijne, 2014
66 1985-2004 Subsumption Brooks, 1986; Brooks, 1990
67 1989-2002 TCA Simmons, 1994b; Simmons, 1994a
68 1995-2013 Ymir Thérisson, 1998







2 Cognitive Architectures, Al, and Cognitive
Science

Cognitive architectures evolved at the intersection of artificial intelligence
(AI) and cognitive science and absorbed concepts and methods from both
disciplines. But what makes cognitive architectures unique is the pursuit of a
holistic understanding and implementation of the human mind. As such, they
can test empirically what mechanisms are consistent with psychological evi-
dence and result in intelligent behavior, and which are beneficial for advancing
theory and applied research.

In this chapter we will discuss how breakthroughs in algorithmic techniques
and understanding the human mind were reflected in the development of
cognitive architectures. Even though some of the earliest attempts to build
intelligent machines date as far back as antiquity, we will limit the overview to
the computer era that started in the 1950s. Since then, every decade brought
increasing amounts of empirical data and algorithmic innovation. The field
of cognitive architectures was growing in parallel. From the 1970s until now,
almost every year at least one new cognitive architecture has been proposed.
By 2010 nearly 60 architectures were being developed concurrently.

Section 2.1 provides a historical context by describing significant events and
trends in the development of Al and cognitive science.

Section 2.2 overviews a number of theories of cognition and algorithms which
influenced cognitive architectures.

Section 2.3 discusses mutual influences among the three disciplines.

2.1 Historical context

Creating artificial beings that can think and act like humans is not a new idea.
In some form or another, it has been pursued by humanity for ages with various
motivations: to learn more about ourselves, to eliminate menial work, or to
achieve the ability to create new life. But a rigorous scientific investigation into
the computational nature of the human mind and the possibility of recreating
it began only about a century ago.

Most sources point to a series of events in mid-20th century that led
to the formation of new fields of artificial intelligence (AI) and cognitive
science, both of which had a direct influence on the development of cognitive
architectures. Turing (1937) showed how rational behavior can be produced
by a relatively simple computational agent—the Turing machine. McCulloch
and Pitts’s (1943) designed a neuron model with simple linear thresholding
units that could perform the same computations as Turing machines; this was
later formally proved by Arbib (1961). Wiener
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of feedback control that allowed the agents to learn from their experiences and
adapt their behavior. The now standard von Neumann computer architecture
proposed in 1945 outlined major functions (central arithmetic part, central
control part, memory, input, output, and external memory) and their imple-
mentation via E-elements inspired by the McCulloch-Pitts neuron model (von
Neumann, 1993).

During this time, the human mind /brain was increasingly viewed in compu-
tational terms, promising to solve its mystery. Turing machines explained how
information processing might occur in such a system, neural networks based
on McCulloch-Pitts neurons linked neural computation and observed behavior,
and von Neumann architecture made their physical realization possible.

2.1.1 Artificial intelligence

Artificially intelligent entities have been portrayed in fiction long before any
such thing existed in reality. The modern concept of human-like machines be-
gan with Karel Capek’s play R.U.R (Rossum’s Universal Robotics) published
in 1920. The word “robot” in the title was derived from the Czech “robota,”
meaning “drudgery” or “servitude,” and originally referred to what we now
call androids, as robots in the play were indistinguishable from humans. Only
some years later, Isaac Asimov in his popular Robot Series introduced the word
“robot” into English and formulated the famous three laws of robotics. From
then on, countless science fiction books and films envisioned various futures of
AT and robots, inspiring public imagination and generations of scientists, and
reflecting the hopes (and, sometimes, fears) of what advanced Al could bring.

One of the first non-fiction works on the topic of machine intelligence is the
seminal paper “Computing Machinery and Intelligence” by Turing (1950) who
argued for the feasibility of computers behaving intelligently, formulated an
evaluation procedure for assessment of intelligence (aka the Turing test, see
Chapter 10), suggested a developmental approach to constructing thinking
machines, and proposed some initial tasks worth pursuing: playing chess and
natural language understanding.

The term “artificial intelligence” appeared several years later in a proposal
for a summer research project to be carried out at Dartmouth College in 1956
(McCarthy et al., 2006). The proposal described a two-month ten-man project
to explore natural language comprehension, knowledge representation, self-
improvement, forming abstractions from sensory inputs, and creative thinking.
Later dubbed the Dartmouth Conference (Moor, 2006), this summer workshop
ran for several weeks and was attended by an illustrious group of participants,
including Marvin Minsky, John McCarthy, Claude Shannon, Oliver Selfridge,
Herbert Simon, and Allen Newell (according to Solomonoff, 1956).

Needless to say, the lofty goals set seventy years ago have not been reached
yet. In retrospect it is obvious that both the failure of the Dartmouth project
and slow progress toward goals set by Turing have largely resulted from the
mistaken assumption that enough was understood about human cognition
to encode it computationally. Nevertheless, these setbacks not only did not
hamper, but stimulated research in AI and shaped its progress for many
decades.

Early years (1950-1970s). The first years following the establishing of Al
as a discipline were fueled by the early successes and expectations of truly
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intelligent machines within the next few decades. During this time, the focus
was mainly on representation and search with many successful applications of
AT appearing in narrow domains like chess and mathematical theory-proving,
where expert knowledge combined with formal logical manipulations could
quickly arrive at the solution. Among the famous achievements of this period
are:
e Logic Theorist—a program that reproduced dozens of proofs from Prin-
cipia Mathematica (Newell et al., 1958);
e General Problem Solver (GPS)—a successor of Logic Theorist for solving
problems in logic, trigonometry, and planning (Newell et al., 1959);
e STUDENT—a program for solving high-school algebra problems (Bobrow,
1964);
e ELIZA—the first chatbot, primarily known as an AI psychotherapist!
(Weizenbaum, 1966);
e Teachable Language Comprehender—a program for English text compre-
hension (Quillian, 1967);
e DENDRAL—a program for inferring the structural hypotheses of molecules
based on the analysis of mass spectral data (Buchanan et al., 1969);
e MYCIN—a program for medical diagnosis and therapy (Shortliffe et al.,
1973);
e SHRDLU—a program for conversing about objects in the simulated Blocks
World and their properties (Winograd, 1980).

Another invention of that era was the Lisp programming language, in which
all but two of the projects above were written (Logic Theorist and ELIZA were
written in IPL and MAD-SLIP, respectively). Created in 1958 by McCarthy,
Lisp supported applying predicate logic to reasoning tasks, from answering
questions to chess-playing, and remained a staple programming language for
most research in Al and cognitive science for several decades (McCarthy, 1978).

Even though domains of early Al experiments were limited to micro-worlds
of simple objects and words, the effectiveness of symbolic representations
was well demonstrated. Following initial successes, symbolism was strongly
endorsed by many influential figures in the field as the way of achieving general
intelligence in the future.

First AI winter in late 1970s. The 1970s were marked by the first “Al
winter” associated with decline in interest and funding for AI projects due
to a combination of overly optimistic projections, unfulfilled promises, and
technological barriers, such as limited computing power, memory, and slow
processing speeds. The shortcomings were summarized in a series of reports:
a report by Automatic Language Processing Advisory Committee (ALPAC)
commissioned by the American government (ALPAC, 1966), a report written
by Sir James Lighthill (1973) at the request of the British government, and,
lastly, a report by an American Study Group (ASG) assembled by the USA
Department of Defense to assess DARPA’s Al program (as noted in the report
by National Research Council, 1999).

IThis behavior was enabled by the DOCTOR script which imitated responses of a Rogerian
psychotherapist. Other scripts existed, including in other languages, such as Welsh and German.
The therapist version of ELIZA is still “alive” on most computers that have the Emacs text editor.
To start a session, launch Emacs from the terminal using command emacs -nw and enter M-x doctor
(press the Escape key, X, and type doctor) inside the Emacs
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The ALPAC report focused on machine translation from foreign languages
into English. It reached the conclusion that significant government funding
did not result in the prospect of usable machine translation in the foreseeable
future. While raw machine output was decipherable, it was generally difficult
to read and contained errors that obscured or modified the meaning of the
original, e.g. unnatural word order, transliteration of unknown words, and
incorrect or unusual translations of common words.

The Lighthill report looked broadly at all major areas of Al (category A),
robotics (category B), and computational cognitive science and neuroscience
(termed category C for study of the central nervous system). In research
categories A and C, respectable achievements were acknowledged, but only
in narrowly defined domains and to a smaller extent than had been hoped.
Progress in robotics, however, was singled out as the most disappointing, partly
because of higher initial expectations, but also due to issues with general
problem-solving and common-sense reasoning, in addition to a lack of adequate
motor coordination, needed for automating everyday and industry tasks. Even
advances in specific domains were not deemed sufficient. For example, early
research in Al pursued solving chess-playing and other tasks that were difficult
for most humans, assuming that the results would generalize to other human
activities that involved reasoning and problem-solving. However, programs
for playing chess in 1970 had already achieved the level of human amateurs
through clever heuristics that had no feasible uses in other areas and no clear
path toward general intelligence.

The common cause for slow progress was identified by Lighthill as the ex-
ponential combinatorial growth of the search spaces that represented possible
solution paths that existing methods could not deal with effectively. These
disappointing findings were seconded by the ASG group and shortly after
led to cuts in Al funding in universities across Europe and North America,
precipitating what has become known as the first Al winter.

Brief resurgence of AI (1980s). In the late 1970s and early 1980s, a num-
ber of knowledge-based systems from a decade ago were commercialized, many
by the academics who developed them. Thus began a new industry of Al
expert systems (Vaux, 2001). These domain-specific programs used extensive
knowledge bases and inference procedures to solve problems at the human
expert level. A large role in this endeavor is attributed to the Fifth Generation
Funding Program (FGFP). It was initiated by the Japanese government in
1982 and provided funding for research on parallel computing, logic pro-
gramming, and specialized hardware, which further boosted expert systems
(Moto-Oka and Stone, 1984). The US government across its many agencies
also invested millions in expert systems research (Gevarter, 1982).

As a result, by the mid-1980s, there were more than sixty commercial
expert systems deployed in various sectors. Besides well-known examples, such
as DENDRAL for chemical analysis, XCON for circuit design, and PUFF
for medical diagnosis, expert systems were developed for agriculture, educa-
tion, manufacturing, software development, and military purposes (Buchanan,
1986). The revenues of commercial Al applications went from a few million
dollars in the early 1980s to hundreds of millions by the mid-1980s (Szolovits,
1989). At the same time, new industries formed around building workstations
optimized for running code written in Lisp and Prolog that remained as the
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go-to languages for programming Al and designing development environments
for creating expert systems.

Once again, the potential of the new technology turned out to be exagger-
ated. While logic programming was applicable in many areas, from medicine to
law, the fundamental issues with learning and understanding natural language
were not resolved. Expert systems were difficult to update, did not have
common sense, and operated under the “closed world” assumption, meaning
that what was not known to be true was presumed to be false (Bell, 1985).
In the commercial setting, expert systems proved to be unreliable, hard to
program, and expensive to maintain, which limited their economic utility.

By 1995, only about one-third of expert systems (out of a hundred systems
surveyed) were still in use (Gill, 1995). A final blow was dealt by the im-
provements in general computing hardware and the emergence of procedural
and object-oriented programming languages that enabled the use of standard
von Neumann computers for the development of Al instead of specialized
Lisp workstations (Myers Jr and Yamakoshi, 2020). While Lisp remained
the dominant programming language for Al, the market for Lisp machines
collapsed within a few years (Graylin et al., 1998).

Second AI winter (late 1980s). A new wave of disappointment with the
progress in Al arrived in the late 1980s. Government funding once again
dried up, and commercialization of AI waned, precipitating the second Al
winter. According to Hendler (2008), Al never truly recovered from the funding
reductions caused by the first Al winter ten years prior. For a number of years,
the amount of fundamental research coming from the universities dwindled
and even though industry investments compensated for receding government
funding, they encouraged researchers to pursue low-hanging fruit instead of
tackling deeper issues. Eventually, lack of funding and innovation, together
with growing criticisms of the approaches to Al within the research community,
led to cooling attitudes about the future of the discipline.

Despite unfavorable circumstances, several notable discoveries were made
during this time. Particularly, interest in neural networks began to gain mo-
mentum again in the 1980s, spurred by the efforts of Feldman and Ballard
(1982) to legitimize connectionism and discovery of new methods for training
multilayer perceptrons (Pollack, 1989). In particular, learning via backprop-
agation was quickly established as a key feature of connectionism since it
provided a simple and effective solution for the long-standing “credit assign-
ment problem”.? Important advancements were made in reinforcement learn-
ing (RL) as well. Although the first works on RL appeared in the late 1950s,
it was not an active research area until 1980s (Sutton, 1992) when Sutton

2Because backpropagation became the backbone of many recent achievements in Al, a different
kind of credit assignment problem arose—who came up with it first. According to Dreyfus (1990)
and Boden (2006), the idea of gradient propagation was developed independently in the 1960s by
Kelley (1960) and Bryson and Denham (1962) for optimal control theory. Werbos (1974) was the first
to apply backpropagation to neural networks in a social science domain, but the approach did not
gain traction until it was rediscovered by Parker (1982) and Rumelhart et al. (1986b) a decade later.
Nevertheless, the Parallel Distributed Processing (PDP) research group headed by Rumelhart and
McClelland presented backpropagation as a novel development in the eponymous volume (Rumelhart
et al., 1986b) and seminal Nature paper (Rumelhart et al., 1986a). Later books, such as the one by
Chauvin and Rumelhart (1995) and a popular deep learning textbook by Goodfellow et al. (2016),
acknowledged the earlier discoveries of backpropagation but continued to name PDP group’s work
as the primary source.
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and Barto (1987) introduced the temporal difference (TD) model of classical
conditioning and Watkins (1989) proved convergence of Q-learning.

AI in the shadows (late 1990s). After two consecutive AI winters in the
70s and 80s, the next decade saw diminished activity in what people called
Al But research did not stop and eventually gave rise to significant de-
velopments in search algorithms, constraint solvers, intelligent agents, and
operations research (Nield, 2019). Many important practical advances were
achieved during this time. Among them is TD-Gammon, a backgammon pro-
gram that applied temporal-difference (TD) reinforcement learning to play
on par with top human players (Tesauro, 1991), as well as Support Vector
Machines (SVM) (Vapnik, 1995) and random forests (Breiman, 2001), that
became staple methods for pattern recognition.

Concurrently, early successful applications of neural networks to real-world
problems also took place. In particular, LeCun et al. (1989) applied backprop-
agation to convolutional neural networks (CNN), first featured in Fukushima’s
(1980) Neocognitron, to perform the task of automatic recognition of hand-
written ZIP code digits. The data was provided by the US Postal Service and
eventually became part of one of the earliest image datasets called MNIST
(LeCun and Cortes, 1998). In parallel, recurrent neural networks were devel-
oped by Hochreiter and Schmidhuber (1997).

Perhaps, the most publicized milestone in the development of Al of that
time was the defeat of the world chess champion Garry Kasparov by IBM’s
Deep Blue in 1997. The key to the machine’s win was a massively parallel
search engine powered by an extensive game database and specialized hard-
ware. As a result, Deep Blue could search for optimal moves through 100 to
200 million chess positions per second in its enormous database of hundreds
of thousands of chess matches (Campbell et al., 2002).

Comeback of AI (2000s to late 2010s). The new rise of Al in the mid-
2000s was marked by a number of events. In 2004 and 2007, DARPA sponsored
and organized two competitions to test the viability of autonomous driving off-
road (Grand Challenge) and in the city (Urban Challenge), thus initiating the
race toward self-driving vehicles. Shortly after, the age of large-scale datasets
that fuel modern research began with the introduction of ImageNet in 2009
(Deng et al., 2009) that contained over a million human-annotated images.
In 2012, a deep CNN called AlexNet won the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) (Krizhevsky et al., 2012). Wide availability
of graphic processing units (GPUs) repurposed for general computation and
cheap memory storage also played a role; at last, combinatorics of training
large neural networks (Froese and Hertrich, 2023) could be brute-forced to a
useful extent.

Although “classical” statistical machine learning methods continued to
demonstrate impressive results—in 2011 IBM Watson DeepQA defeated hu-
man champions in the popular TV quiz show Jeopardy (Ferrucci et al., 2010),
deep learning quickly made them obsolete and soon became synonymous with
AL In mid-2010s, deep learning was expanded to RL (Mnih et al., 2015)
and generative modeling (Goodfellow et al., 2014). Shortly after, Transformer
models were introduced (Vaswani et al., 2017). Together, these discoveries form
the basis for the current mainstream AI dominated by foundation models,
large language models, and chatbots that rely mainly on scaling data and
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compute to perform numerous tasks and can communicate in multiple modal-
ities (Bommasani et al., 2021). The most famous of these is ChatGPT, which
amassed millions of users months after its release by OpenAl in November
2023 and kickstarted the wave of generative Al

The levels of investment and hype around Al that we are seeing now (in
2025) are unparalleled in their scale but reminiscent of the past in other
aspects. Just before the second Al winter set, a panel discussion held at AAAI-
84 raised many issues that will sound eerily familiar to anyone involved in
modern Al. For example, the panelists discussed how industry participation
led to prioritization of short-term goals and financial gains over fundamen-
tal research, replacement of scientific method with software engineering in
academic publications, top academic conferences doubling as job fairs, and
the overhyped potential of Al coupled with exaggerated fears of its dangers
(McDermott et al., 1985).

Forty years later, Al researchers voice similar concerns, according to a
recent survey (Su and Crandall, 2021). Other new and troubling trends are also
apparent, such as “celebritization” of a small group of academics, marginal-
ization of non-deep-learning research in Al, dismissal of prior work, muddling
of theory, and rapid growth of low-quality literature due to lowered barriers
for entry.

Few will argue that we live in a world where Al is again seen as a major
driver of scientific and technological progress. Today, deep learning has practi-
cally monopolized academic research in many disciplines and is being adopted
in many products, services, and applications. But it is yet to be determined
whether the trajectory we are on will lead to the transformational outcomes
being advertised. After all, deep learning may not in fact be a path to human-
level intelligence (Marcus, 2018). Recent failures of some Al tools to deliver
on the promises, such as the slow progress of self-driving cars and closure
of IBM’s Watson project, hint at such a possibility (Raji et al., 2022). Even
the financial benefits of adopting Al in business settings for automating tasks
or augmenting workers are not proven yet (Enholm et al., 2022; Nathan et
al., 2024). Should technical roadblocks and failure to recoup the investments
cause another Al winter, it is likely to be disastrous for the field, given the
enormous resources and efforts vested in Al

2.1.2 Cognitive science

The beginnings of cognitive science in the 1950s are referred to in the literature
as a “cognitive revolution” characterized by the rejection of behaviorism that
dominated psychology at the time (Amsel, 1992). In short, behaviorism, pri-
marily associated with the works of Skinner (1977), posits that behavior is the
subject of scientific enquiry. As such, it does not study that which cannot be
directly observed, i.e. mental states that may cause the behavior, and instead
focuses on functional relations between behavior and environmental variables
(Moore, 2011).

The original goal of behaviorism was to show that any behavior can be
represented as a reflex by finding the corresponding conditioned behaviors and
operants (Malone, 1975), but it was becoming clear that the explanatory power
of conditioning had been overestimated. In addition to failure of behaviorism
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to account for higher mental abilities, several other factors contributed to its
demise, which, according to Mueller and Mueller (1995), include:

e Chomsky’s (1959) research in linguistics that contradicted the behavior-
ist explanation for incremental language acquisition presented by Skinner
(1957) and demonstrated strong evidence for newborns’ abilities to master
language without formal training and with sporadic reinforcement;

e Piaget’s (1952) theory of cognitive development that claimed assimilation
and accommodation rather than reinforcement as key to developing intelli-
gence in children;

e Emergence of information-processing models in computer science and in-
formation theory that provided useful tools for describing and explaining
cognitive processes.

As unobservable cognitive processes were opened up for investigation, “cog-
nition is computation” became the motto of the new discipline called cognitive
science that combined computational modeling with findings from psychol-
ogy, and later neuroscience, to understand how the human mind processes
information. Cognitive science, born mere months after Al, was influenced by
the same pioneering works in information theory, psychology, and computer
science discussed in the previous section, and followed a similar path in the
beginning.

The beginning of cognitive science is dated to the September 11th, 1956,
the second day of a symposium organized by the “Special Interest Group in
Information Theory” at MIT. The symposium took place shortly after the
Dartmouth summer school and was attended by many of the same people
(Miller, 2003). On that day, Newell, Shaw, and Simon presented their General
Problem Solver (Newell et al., 1958), and Chomsky and Miller presented
their works in theoretical linguistics (Chomsky, 1956) and memory bottlenecks
(Miller, 1956). Shortly after, in 1958, another influential event, the Teddington
symposium, was held in the National Physical Laboratory (NPL). Works
presented there defined future trajectories of cognitive science and Al. Among
them were Selfridge’s (1959) Pandemonium, Rosenblatt’s (1958) Perceptron,
and McCarthy’s (1959) proposal of imbuing programs with common sense.

Early years (from 1950s to 1970s). Initially, cognitive science followed the
path of AI research by focusing primarily on knowledge representation and
high-level cognitive processing, such as thinking, planning, and problem-solving.
In particular, much of the effort was concentrated on investigating explicit
forms of knowledge representation, such as symbols and rules, or other inter-
mediate forms, for example, Quillian’s (1967) semantic networks.

In parallel, an active area of memory research examined aspects of human
sensory, short-term, and long-term memories, as well as different types of
knowledge, such as procedural, declarative, and episodic. The processes that
operated on symbols stored in memory were related to mental activities:
accessing was seen as memory retrieval, transformation as problem-solving,
and alignment as analogy (Gentner, 2010).

Rise of connectionism (1980s). The initial focus on symbolic processing
led to many promising results in theorem-proving and chess-playing, but did
not translate well to demands of real-world tasks. Connectionism, despite being
developed in parallel with symbolism, was not considered a viable alternative
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for quite some time. Most accounts point to Minsky and Papert’s (1969)
critical assessment of perceptrons showing that they could not solve many
problems (connectedness, parity, etc.) as the culprit, discouraging others from
working on neural networks and diverting funding away from that line of
research.

Connectionism did not die out entirely, since many researchers, including
Minsky himself, continued to work on both approaches. A number of events
helped it recover. First, Hofstader’s (1979) book Gddel, Escher, Bach: An Eter-
nal Golden Braid raised interest toward connectionism through discussions
of music, logic, and biology. Scientific methodology was then established by
Feldman and Ballard (1982), who advocated for broader use of connectionist
models in cognitive science and demonstrated their advantages for tackling
issues in perception and motor control, as well as their potential for reasoning
and problem-solving. Finally, publications from PDP research group in 1986
contributed to the further ascent of connectionism by disproving some of the
earlier limitations as characteristic of one-layer perceptrons but not applicable
to networks with several intermediate layers (Rumelhart et al., 1986b, p.
111). Some viewed the shift to connectionism as a return of behaviorism and
empiricism that prompted a cognitive revolution earlier (Papert, 1988; Place,
1992).

Expansion of cognitive science (1990—present). These several decades
have been characterized by downward and outward expansion of cognitive
science (Frankish and Ramsey, 2012) and divergence of cognitive science from
research in Al. On the one hand, new technologies, such as functional magnetic
resonance imaging (fMRI) provided new views of many cognitive processes and
allowed further integration with neuroscience. On the other hand, phenomena,
such as emotion, consciousness, non-human cognition, and embodiment were
the emerging countertrends to mainstream cognitive science. New approaches
saw cognition as not something confined to one’s head but rather as situ-
ated (context sensitive), temporal (varying according to time availability),
distributed (cognitive functions are not localized to one brain area and some
may be off-loaded onto the environment), action oriented, and embodied (body
defines perception) (Larkin et al., 2011). The latter was influenced by Gibson’s
work on the ecological approach to perception, which emphasized that much
of the information was perceived directly, not processed step by step. Barsalou
(1999) developed perceptual symbol systems as embodied systems. In robotics,
Brooks (1987) demonstrated that internal representations are not necessary
for generating some simple behaviors.

From the outset, cognitive science was meant to be a diverse field comprised
of psychology, linguistics, Al, anthropology, philosophy, and neuroscience. The
idea was that through interdisciplinary collaboration, the founding disciplines
would eventually merge. In the meantime, the credibility of findings would
improve via critical examination from different viewpoints.

Whether this goal has been achieved remains a debated topic. Early anal-
yses of bibliometric patterns and author affiliations in the premier cognitive
science journals showed that neither merging of contributing disciplines nor
balance of their contributions was attained. Numerous studies of bibliometric
data and author affiliations showed that in less than twenty years upon its
founding the interdisciplinarity of the Cognitive Science journal and the field
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Fig. 2.1 Theoretical roots of cognitive architectures. Important theories and models are shown in bold
font, with date of introduction in brackets. Cognitive architectures are shown in regular font. Edges show
connections between theories and architectures.

has decreased significantly and continued on the downward trend with evidence
of being overtaken by psychology (Schunn et al., 1998; Shin, 1999; Gold-
stone and Leydesdorff, 2006; Gentner, 2010; Leydesdorff and Goldstone, 2014).
Particularly, Nunez et al. (2019) argued recently that cognitive science has
been largely absorbed by psychology and lost its influence on neuroscience,
anthropology, and philosophy. The authors’ verdict of “failed interdisciplinary
integration” in cognitive science spurred a flurry of responses (Nunez et al.,
2020), some of which reached an opposite conclusion by looking at different
journals (Bender, 2019) or using different measures for analysis (Alasehir and
Acarturk, 2022; Contreras Kallens et al., 2022).

2.2 Roots of cognitive architectures

As many of the same people who established cognitive science and Al also
participated in developing cognitive architectures later, this field was natu-
rally influenced by theories of cognition and computational solutions proposed
in both disciplines. We identified a handful of the most important theories
and models by tracing common references from individual architectures and
plotting them as a graph in Figure 2.1. Below we discuss contributions of the
central works.

Means-ends analysis. Means-ends analysis was developed in the early days
of ATl by Newell et al. (1959) for the GPS. “Means-ends” is conceptually simple:
it approaches problem-solving as building action sequences given the specifi-
cations for possible actions, the initial situation, and the goal description. For
example, GPS reached the goal from the initial state by finding operators that
reduced the differences between the current and desired states (also known as
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forward chaining) (Newell and Simon, 1961), a heuristic that has been observed
in human problem-solving behavior (Newell and Simon, 1972).

This method later was popularized and extended in STRIPS (Stanford
Research Institute Problem Solver) (Fikes and Nilsson, 1971) and a family of
PRODIGY planning algorithms (Fink and Blythe, 1998). Further development
of means-ends analysis within the planning community led to large improve-
ments in performance but arguably pushed it to be less human-like, e.g. by
replacing forward chaining with backward chaining and pursuing bidirectional
approaches (Fink and Blythe, 1998) with increasingly high memory require-
ments for storing partial plans, and use of constraint satisfaction techniques
(Langley, 2006b).

Means-ends analysis had a lasting influence and continued to be explored
both in cognitively-inspired architectures, such as ACT-R, ICARUS, Soar, and
GLAIR, as well as in more engineering-focused applications within CIRCA,
ERE, and BDI-based architectures.

Blackboard. The concept of blackboard architecture also belongs to Newell
(1962), who described it metaphorically as a set of workers looking at the
same blackboard, each being able to read from it and judge whether they
can add anything to it within their area of expertise. The idea arose as a
solution to the communication problem between subroutines within the GPS
mentioned earlier. Blackboard also bears a resemblance to Selfridge’s (1959)
Pandemonium, where demons independently assess the solution and respond
depending on how well it fits their natures. Newell himself went on to work on
the production rule system (PSG) (Newell, 1973a). Meanwhile, according to
Nii (1986), Simon suggested the blackboard analogy to the HEARSAY team,
who developed its first complete implementation for the HEARSAY-II speech
understanding system (Erman et al., 1980).

The basic blackboard architecture has three essential components: the
blackboard itself, knowledge sources (experts), and a scheduler (Schwartz,
1995). Experts read from the blackboard and determine items to be added to
the blackboard without consulting one another. The role of the scheduler is to
select the most appropriate knowledge sources to contribute to the blackboard.
Various modifications were added in subsequent implementations, such as
changes to the structure of the blackboard (e.g. hierarchies, partitions, and
contexts), representations (shared across the entire blackboard or separate
ones for each partition), and scheduling (knowledge or event oriented) (Craig,
1988). Naturally, division of labor across many experts offers many opportu-
nities for parallelism, such as concurrent updates to the blackboard, parallel
execution of knowledge sources, distributed control, and multiple instances
of knowledge sources exploring alternate hypotheses or using different inputs
(Schwartz, 1995).

The conceptual clarity and versatility of the blackboard approach made it
a popular choice for many cognitive architectures, including BB1 (a descen-
dant of HEARSAY-II), Copycat, CAPS, FORR, Ymir, and, more recently,
CORTEX.

Production systems. Production systems were initially proposed by Post
(1943) as a general computational mechanism. In its purest form, a production
system consists of a finite set of productions (formulated as if-then rules), a
database represented by a collection of symbols on which the rules operate, and
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an interpreter for the rules (Davis and King, 1984). Production systems were
widely used throughout the 1960s and 1970s in models of human cognition
and in expert systems.

Production systems, adopted as a formalism for describing human problem-
solving behavior by Newell in the 1970s, retained the components of the orig-
inal blackboard but reinterpreted their meaning and function. The database
became the contents of working memory with limited capacity, and symbols
within it became chunks of the knowledge following Miller’s (1956) memory
theory. The main difference between the two was finer granularity of pro-
ductions compared to knowledge sources that could be arbitrarily complex
(Pfleger and Hayes-Roth, 1997). During execution, productions whose condi-
tions matched elements residing in working memory at the time were executed
and modified working memory, in turn, triggering execution of other produc-
tions. This cycle repeated until the desired goal was satisfied.

Due to the central role of memory, initial applications of production systems
in psychology aimed to replicate human memory tasks. By manipulating sets
of productions, different behaviors and biases observed in human data could be
simulated (Davis and King, 1975). Thus, production systems became a basis
of many well-known cognitive architectures, including Soar, ACT-R, CAPS,
EPIC, CHREST, SS-RICS, and Clarion.

Society of Mind (SoM). The concept of SoM was initially developed by
Minsky together with Papert in the 1970s but was published in a book a
decade later (Minsky, 1987). The new theory offered several significant updates
to the existing ideas about modeling human cognition, particularly in areas
of language, memory, and learning. It presented the mind as a product of
activity of many diverse specialized agents performing cognitive subprocesses.
Fach agent is a computer program that can be composed into larger systems,
called societies of agents, capable of performing more than what a single agent
could. SoM itself is a total set of all agents comprising the mind. In this system,
mental activity reduces to turning individual agents on and off.

While superficially similar to the blackboard and production systems, SoM
differs from both. It expects that hundreds, thousands, or even millions of
agents may be needed to simulate a full range of human cognition, which is
orders of magnitude larger than any production or blackboard system ever
created. Neither of them offer a solution to resolving conflicts between agents
on such a scale.

In one aspect, SoM is also an exact opposite of Newell’s idea of the unified
theories of cognition. Unlike Newell, who emphasized the need for finding the
minimum set of basic mechanisms and representations for cognition, Minsky
argued that the space of all cognitive processes is so broad that finding such
a set is impossible—some algorithms will naturally be more suited for certain
representations and impossible or hard to adapt to others. Thus, the question
Minsky posed was not how to find a unified solution for all cognitive phe-
nomena, but rather how to make multiple distinct processes communicate and
cooperate to produce intelligence.

Although SoM has never been implemented as an architecture, it never-
theless had significant influence and inspired several successful architectures,
among them SHRUTI and Polyscheme.
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Global Workspace Theory (GWT). The idea of global workspace was pro-
posed by Baars (1983) as a mechanistic account of information processing
in the brain characterized by contrasting conscious and unconscious features
of human cognition (Edelman, 1987). The theory postulates that the brain
is a collection of distributed, highly specialized networks or modules that
compete for access to the global workspace. Modules require resources (mostly
information) to function and produce resources as output. To gain access
to information, they have two options: exchanging information between one
another by forming coalitions or via the global workspace that lets them
broadcast their requirements and results of computation to all other processors
beyond the local coalition. Only one coalition is allowed to access the global
workspace at a time, and the selection is determined by competition that
depends on the activation levels of individual processes and of the entire
coalition. Only the global workspace is associated with consciousness, the
processes limited to local coalitions are considered unconscious.

Conceptually, GWT is similar to the blackboard systems discussed earlier.
The shared global workspace is the blackboard, whereas modules act as knowl-
edge sources and attention performs the function of the scheduler (Franklin et
al., 2013).

Based on Baars’s theory Franklin and Graesser (1999) developed a software
agent CMattie that borrowed elements of Selfridge’s Pandemonium and Jack-
son’s extensions to it, Copycat (Hofstadter, 1994), and Maes’s (1989) behavior
networks. Later, this work has been extended to a full-fledged systems-level
cognitive architecture, LIDA (Franklin and Patterson Jr, 2006). Other archi-
tectures influenced by GWT include CERA-CRANIUM and ARCADIA.

Behavior-based robotics. Until the mid-1980s, most robot control systems
followed the sense-plan-act approach, where three main components were per-
ception, planning, and execution. Information about the environment picked
up by the sensors was used to compose or update the world model. Goals
and world model were then fed into a planner, which produced a sequence of
actions to achieve the goal to be passed to effectors (Gat, 1998).

Planning was considered the most crucial component and received the most
attention. However, any reasonably complex environment quickly revealed the
weakness of deliberation. Planning took time, and as the robot contemplated
what to do next, the surrounding situation changed, either leading to wrong
actions or invalidating the plans (McDermott, 1992). One way to address the
inadequacies of the traditional way of building agents was to challenge its
assumptions. The new crop of approaches, collectively referred to as behavior-
based robotics, did not rely on symbolic decision-making and maintained that
behavior was a result of interaction between the robot and the environment.

Perhaps, the most radical and the most known departure from sense-plan-
act principle is the Subsumption architecture proposed by Brooks (1986).
Instead of functional (or vertical) division into sensing, deliberation, and ex-
ecution, he advocated for task-based decomposition, also called behavioral
or horizontal, where each layer or behavior was independent of others and
could perform one simple task, e.g. changing direction when encountering
an obstacle, wandering about the environment, or recognizing objects. These
tasks were hard-coded as finite state machines and arranged in a hierarchy,
with simpler tasks at the bottom and wires connecting their outputs to inputs
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of the tasks above. Modules for each task all run in parallel and could be
reset, inhibited (temporarily disabled), or subsumed by other modules. This
architecture did not require any memory or internal state, relying on the
“world as its own best model” instead (Brooks and Flynn, 1989).

In practice, Subsumption was highly effective for simple reactive tasks, such
as navigation around obstacles, but it did not generalize well to more complex
behaviors. The most complex of any Subsumption-based robots, Herbert, was
designed to pick up soda cans from the office desks but according to some
accounts was unreliable and had not completed the task flawlessly (Gat, 1998).
Against the core principles of Subsumption, it also had to include an internal
state to be able to retrace the steps back to its original location (Connell, 1989).

Other issues stemmed from the fixed implementation and ordering of the
behaviors. As Hartley and Pipitone (1991) note, designing layers was incred-
ibly difficult because small changes in the upper layers triggered a cascade
of modifications in the layers below. Furthermore, determining the order of
behaviors was not intuitive, as it could be different depending on the context
and task at hand. Lack of internal state presented its challenges as well. An
entirely reactive architecture had no way of maintaining long-term goals, or
have a reliable picture of the world. As a result, without the internal state that
could maintain scene persistence, objects around the robot would flicker in and
out of existence due to inaccurate sensor readings, reflections, and occlusions.

Although pure Subsumption architecture turned out to be impractical, it
inspired many new approaches that addressed some of its shortcomings. The
lack of flexibility in ordering and selecting behaviors spurred a new line of re-
search on dynamic action selection mechanisms, such as Maes’s (1991) behav-
ior networks, Motor Schemas (Arkin, 1989), Reactive Action Packages (RAPs)
(Firby, 1989), and Agre and Chapman’s (1990) plan-as-communication ap-
proach. Independently, Ullman (1983) proposed conceptually similar visual
routines that explained how elemental visual operators and control structures
are combined to perform complex visual tasks.

These approaches have been incorporated in many successful architectures.
In the beginning of the 1990s, three groups worked independently on robot
architectures AAA, 3T, and ATLANTIS that combined reactive behaviors
with planning. All three had similar components: planner, reactive control,
and a scheduler that connected the two together. AAA used Subsumption
for reactive control, whereas the other two adopted RAPs. Ullman’s (1983)
visual routines have also become a foundation for Cognitive Programs (Kruijne
and Tsotsos, 2011) and the STAR architecture (Tsotsos and Kruijne, 2014)
for general vision. Cognitive Programs are an evolution of visual routines
incorporating the full breadth of attentive abilities in vision and enabling an
embodiment with eye, head, and viewpoint change.

Belief-Desire-Intention (BDI) (1987). The BDI framework has its ori-
gins in Bratman’s (1987) theory of human practical reasoning. Practical rea-
soning refers to thinking about what to do next, as opposed to theoretical
or epistemic reasoning, which deals with what to believe in. The traditional
desire-belief theory of action maintains that a person performs an action
only if they desire a certain outcome and believe that it can be achieved
by performing said action. Bratman’s contribution was in recognizing that
beliefs and desires alone do not cause action but rather lead to intention,
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which results in forming a plan and coordinating its execution. According to
Wooldridge (1999), intentions play several roles in practical reasoning:

Intentions drive means-ends reasoning;
Intentions constrain future deliberation;
Intentions persist;

Intentions influence beliefs for future reasoning.

Bratman’s conceptual framework was later formalized and implemented by
Rao and Georgeff (1991) as an agent architecture. Beliefs were interpreted
as the agent’s information about the environment and itself, desires were the
goals to be achieved, and intentions were commitments to achieving those
goals. Beginning with the initial set of beliefs and a set of rules that connect
actions to certain conditions, the agents observe the environment and internal
events, update their beliefs, respond to new events by forming plans, new goals
and intentions, and execute the actions. Then the cycle repeats.

BDI became one of the most popular and studied agent architectures
(De Silva et al., 2020). A number of architectures are based on BDI, no-
tably RCS, PRS, dMARS, and JACK. On the epistemic side, Pollock (2000)
extended BDI by adding a new component called likings and distinguishing
different types of desires, which resulted in a new belief-desire-intention-liking
(BDIL) model and its implementation in OSCAR.

Curiously, despite originating in philosophy and logic, BDI shares similar-

ities with architectures that have their roots in cognitive psychology. In Soar,
for example, beliefs are included in the current state, intentions correspond to
selected operators, and desires are goals (Georgeff et al., 1999).
Localist networks. Connectionism is primarily associated with distributed
representations, where multiple units (neurons) correspond to a single con-
cept and each unit can in turn be part of representations for many con-
cepts. Another type of network is a localist one where, as the name suggests,
representation is more localized; in the extreme case, there is a one-to-one
correspondence between the nodes in the network and objects in the world. In
general, however, there are many options as nodes technically may correspond
to features or any other meaningful entity (Page, 2000). As in any distributed
network, inference still takes place by spreading activation from nodes along
edges. Localist representations are more transparent and interpretable than
distributed representations, and have a similar capacity for generalization and
graceful degradation (given enough built-in redundancy).

Localist representations have not been well accepted in the neuroscience
community, partly due to fuzziness of the term “localist representation” and
concerns regarding their biological validity (although distributed representa-
tions and learning methods are also problematic in this regard, as discussed
later in Section 11.2). Localist networks are strongly associated with the
somewhat pejorative term “grandmother cell,” meaning a cell that responds
to a specific complex entity, such as one’s grandmother (Gross, 2002). Despite
ample evidence of explanatory power of localist networks in psychology (Page,
2000) and the presence of highly selective neurons in the brain and artificial
networks (Roy, 2012; Bowers, 2017), some go even as far as declaring the
localist idea a failure (Barwich, 2019).

In cognitive architectures, localist representations are very common. Per-
haps, the most successful example is the ART architecture, which applied
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the concept to model many perceptual, attention, and memory phenomena.
Another well-known localist architecture is SHRUTI, which investigated rea-
soning. Clarion, DUAL, LISA, and SPA combine localist and distributed rep-
resentations to reap the benefits of both. In general, many graph-based repre-
sentations, such as semantic networks, frames, networks of actions (e.g. RAPs),
mentioned earlier, can be construed as a type of localist network and are part
of many architectures (see Section 5.2).

2.3 Best of both worlds?

According to Russell and Norvig’s (2020) classic textbook, all work in Al is
divided along two dimensions: human vs. rational and thought vs. behavior.
This produces four possible combinations:

1. Systems that think like humans. The goal is to emulate human-like infor-
mation processing, performance, errors, and biases based on the empirical
data provided by introspection, psychological experiments, and neurophys-
iological studies. As a result, performance, errors, and biases made by an
intelligent system should match those observed in humans under similar
conditions. Many cognitive architectures fall under this category.

2. Systems that behave like humans. Such systems focus on replicating observ-
able human behaviors without the necessary commitment to cognitively and
biologically inspired processing (although it happens to a degree). Human
performance models are good examples as they are designed to replicate
what humans do but often achieve this goal without explicitly modeling
human cognitive processes, replacing them with parametric equations or
heuristic techniques.

3. Systems that think rationally. Such systems are expected to “think right”
even if it is not consistent with typical human reasoning in the given the
circumstances. Various reasoning and planning engines, and expert systems
dominating this category may utilize the same logical inference approaches
as humans but generally do not focus on pointing out similarities with
biological systems or use them to evaluate their results.

4. Systems that behave rationally. Systems that focus on taking the “right
actions” without attempting to match human performance. Some examples
of systems include autonomous robots and game-playing Al

In this categorization, the first two groups encompass much of the work
on cognitive modeling and cognitive architectures, whereas the last two cor-
respond to what is more commonly perceived as Al. There are, of course,
nuances as to what constitutes human inspiration or human-like behavior (see
Section 3.2), but regardless of where the line is drawn between human-like
and rational, the distribution of works among different categories is highly
uneven—nearly 98% of approaches in Al lie within the rational thinking and
acting (Sweeney, 2003).

From the AI standpoint, cognitive architectures are a subfield focused on
human- and brain-like intelligence, but not all cognitive architecture develop-
ers themselves place their work under the umbrella of AI. While Laird (1991)
referred to Soar, ICARUS, and AIS as Al architectures, others in the cognitive
architecture community acknowledged differences from Al as purely practical
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and far removed from human inspiration. For instance, Newell (1981) wrote
that Al was fundamentally at odds with psychology, and the gap between
them was growing wider. Similarly, Sun (2007) pointed out that despite Al
being a constituting discipline of cognitive science in the 1950s, the two have
since diverged. Al continued to pursue solutions that were either too domain-
specific or not cognitively realistic, while disregarding issues raised by cognitive
scientists. Forbus (2010) concurs with this perspective, noting that AI and
cognitive science once had quite a bit of overlap and even coordinated their
top venues, but this ceased in circa 2001. Besides the lack of interest from Al
scientists in modeling human behaviors mentioned by others, he cites financial
motivations for pursuing Al and a dismissive attitude toward Al within the
cognitive science community as contributing factors.

Regardless of the disagreements on methods and goals, it is hard to deny
that both Al and cognitive sciences are rooted in essentially the same problems
(Wang, 2006a). Initially, the connection was skewed. Newell (1981) once noted
that AI could thrive without psychology but not the other way around—
without the tools and algorithms supplied by computer science for analysis
and processing of the information, our understanding of how the human mind
works could not progress. However, much has changed since the 1980s. Study-
ing the human mind, the only known general-purpose intelligent system, has
provided insights into hard problems, for example, by discovering strategies
used by biological organisms for solving intractable problems related to intel-
ligence (Van Rooij, 2008; Tsotsos, 2017; Momennejad, 2022).

Even the differences in practicality and cognitive/biological realism be-
tween Al and cognitive architectures may not be that significant upon closer
inspection. Not all Al research is purely practical, and cognitive architectures
do not focus only on theoretical issues. In fact, some cognitive architecture
researchers are interested in building models of the human mind that can be
useful in practice. Cognitively accurate modeling does not imply inefficiency
and may result in smarter systems, although it is entirely possible that more
effective non-human intelligence may be discovered eventually (Forbus, 2012).
Likewise, cognitive and biological inspiration is not restricted to the domain of
cognitive architectures, as there is interest in imbuing AI with more biological
details of how humans process information.

Unlike AI, cognitive science seeks mechanistic explanations for mental rep-
resentations and processes corresponding to observed human behaviors (Brown,
2014). These explanations are expressed in the form of executable programs
that can simulate internal processes involved in a given task, and whose final
and intermediate outputs can be examined and evaluated against human data.
Since the inception of cognitive science as a discipline, thousands of experi-
ments and computational models significantly expanded our understanding
of the human mind. However, most of these models are limited to explaining
specific phenomena involving a small subset of human cognitive abilities under
precisely defined conditions.

Cognitive architectures provide a way of expanding cognitive modeling in
scope (the number of phenomena they are able to model), across abstraction
levels (theory, algorithms, implementation), and within many domains (tasks
and conditions). By design, architectures embody theoretical assumptions in
concrete implementations of basic elements of human cognition. Ideally, both
the assumptions and algorithmic solutions should be based on the available
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psychological and biological evidence, thus bridging the two. Although these
properties make architectures arguably more difficult to construct than in-
dividual models for specific tasks, this approach could potentially generate
explanations of a deeper kind.

What distinguishes cognitive architectures from dominant approaches in
both Al and cognitive science is the pursuit of a holistic understanding and
modeling of the human mind. Cognitive architectures attempt to provide
evidence that particular mechanisms succeed in producing intelligent behavior
and thus contribute to cognitive science. Moreover, the body of work repre-
sented by the cognitive architectures in this book documents what methods or
strategies have been tried previously, how they have been used, what level of
success has been achieved, and what lessons have been learned, all important
elements that help guide future research efforts. For Al and engineering, doc-
umentation of past mechanistic work has obvious importance. But this is just
as important for cognitive science, since most experimental work eventually
aims to explain how observed human behavior may be generated, for which
cognitive architectures provide a rich source of viable ideas and mechanisms.

This puts research on cognitive architectures in a unique position relative
to its parent disciplines, allowing it to reap the benefits of both by exploring
their ideas while being relatively unaffected by the downsides of either. For
example, despite concerns of decreasing interdisciplinarity in cognitive science,
cognitive architectures are fairly balanced on this account with about 60% of
projects developed by computer scientists, engineers, and roboticists, 35% by
psychologists and cognitive scientists, and 5% by neuroscientists.?

The influence of Al and computer science is more prominent in cognitive
architectures due to the expertise in building software and hardware needed to
bring these projects to life. Unlike Al that has seen industry creeping in from
the early days, cognitive architectures are predominantly research projects
developed in universities where interdisciplinary collaborations are easier to
come by and there is less pressure for short-term results. Out of projects
discussed in this book, less than a quarter have been developed by govern-
ment agencies (e.g. NASA, US Army Research Laboratory, US Navy Research
Laboratory) and only a few by organizations (OpenCog Foundation, BBN,
AOS Group). As such, most cognitive architectures are long-term projects
pursuing fundamental ideas rather than quick gains.

Lastly, cognitive architectures are often seen as more theory and research
oriented in comparison to Al systems for solving specific problems, such a per-
ception is rather simplistic. Cognitive architectures are hardly a homogeneous
group; some aim at answering fundamental questions about human cognition,
some are more focused on engineering solutions with what is already known,
and some do a bit of both. Among the architectures discussed in this book,
the proportions are roughly equal.

2.4 Summary

e Al as a discipline began in the early 1950s with the aim of creating thinking
machines. Early efforts focused on areas that were considered difficult for

3Based on the main authors’ affiliations listed in
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most humans (e.g. playing chess). However, deceptively effortless human
abilities, such as perception, natural language communication, and com-
monsense reasoning, quickly emerged as the hardest problems to solve com-
putationally.

During its history, Al has experienced ups and downs and changes in dom-
inant paradigms. The current revival phase is largely associated with the
deep learning methods stemming from connectionism. It is propelled by
significant investments from academia and industry and targets practical
applications in various domains.

Born only months apart from Al, cognitive science aimed to explain the
mechanisms of human thought and for this purpose drew inspiration and
techniques from a wide range of disciplines. Combining experimental and
theoretical work with computational modeling techniques greatly expanded
our understanding of the human mind and brain. However, there are con-
cerns that the interdisciplinary integration within cognitive science has weak-
ened over the time.

Research on cognitive architectures is at the intersection of Al and cogni-
tive science. Cognitive architectures pursue a computational approach to
modeling human cognition and borrow algorithmic techniques and human
experimental data from Al and cognitive science, respectively. Different from
AlI, the computational approaches used in cognitive architectures are usually
grounded in psychology and neuroscience. But unlike cognitive science that
studies cognitive phenomena in isolation, cognitive architectures aim to
build a holistic model of cognition and interaction between its parts.
Nearly all cognitive architectures can be traced to a handful of theories
and algorithms proposed in the 1960s to 1980s. Means-ends analysis, the
blackboard, and graph-based localist representations are among the most
popular. As we will see in the next sections, differences in applications,
implementation, and various combinations of these elements lead to a large
variety of architectures with different theoretical and practical significance.
Cognitive architectures in many respects represent the best sides of both
cognitive science and Al, from which they draw inspiration. Cognitive archi-
tectures by design are interdisciplinary and most focus on the fundamental
aspects of cognition rather than short-term practical utility.






3 Taxonomies of Cognitive Architectures

In this chapter, we will consider various broad classes of cognitive architectures
to better understand properties of these systems and their place within the
space of other computational artifacts. Because cognitive architectures are
complex systems that combine concepts and methods from multiple disciplines,
devising a single classification that fits all systems was nearly impossible,
therefore several taxonomies emerged in the literature. We will discuss the two
most common categorizations that grouped architectures based on what was
perceived as their core properties. In addition, we propose a new classification
to categorize architectures based on their proximity to structure and function
of the human mind.

Section 3.1 starts with the taxonomy of cognitive architectures by levels of
abstraction (cognitive, biologically inspired, neural) and embodiment (robotic
and simulated) and points out some inconsistencies and overlaps between the
categories.

Section 3.2 proposes a new classification based on the cognitive conformity,
which ranks the architectures based on how well they approximate properties
of human cognition. Using this criterion, we define four groups of architectures:
inspired, plausible, explanatory, and predictive.

Section 3.3 discusses symbolic, subsymbolic, and hybrid representations, as
well as their characteristics, strengths, and weaknesses. We describe types of
neurosymbolic hybrids, difficulties applying existing taxonomies to cognitive
architectures, and propose a simpler categorization based on level of hybridiza-
tion.

3.1 By levels of abstraction and embodiment

In the previous chapters, cognitive architectures were placed within broader
efforts toward understanding human cognition and creating Al artifacts. How-
ever, besides narrow Al applications and cognitive architectures, there are
many other types of intelligent systems. Agency is often seen as the basic
requirement that separates intelligent systems from other software and hard-
ware artifacts. Within the set of agent architectures, additional constraints,
such as cognitive, biological, and neural realism, and implementation in hard-
ware, further differentiate cognitive, biologically inspired, neural, and robotic
architectures. These constraints may apply to some or all aspects of the
architecture, such as theoretical basis, implementation, and performance.

A sketch of how different classes of intelligent systems relate to one another
in the literature can be seen in Figure 3.1. Agent, cognitive, biologically
inspired, and neural architectures form a hierarchy that roughly corresponds
to levels of abstraction (see Section 1.1) and
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Fig. 3.1 A schematic illustration of the relationships between different types of architectures that form a
subset of intelligent artifacts distinguished from other types of software and hardware artifacts (shown with
dashed lines). The drawing does not reflect the relative sizes of each subgroup.

Although this classification has become common in the literature, its major
drawback is reliance on terms, such as agency and biological plausibility, whose
definitions are too broad and interpretations are too varied to draw consistent

boundaries between the categories. Next, we will discuss each category in more
detail.

Agent architectures

The concept of agency is often described in terms that make it appear syn-
onymous with intelligence. For example, according to a classic definition by
Wooldridge (1999), agents are “computer systems that are capable of autonomous
action in some environment in order to meet their design objectives” which is
nearly identical to definitions of intelligence mentioned earlier in Chapter 1). A
number of other definitions of agency appear in works of Shneiderman (1995),
Franklin and Graesser (1996), Ingham (1997), and Shoham (1999). Using this

representative set, we summarize the main features of agency as follows:

e Reactivity—quick response to changing conditions;
e Proactiveness—ability to generate and maintain goal-directed behavior;

e Autonomy—independent operation, which includes choosing to follow an-
other entity’s decisions if necessary;
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e Social ability—interacting with other biological and artificial entities to
achieve goals;

e Temporal continuity—running continuously and maintaining execution
state that can be resumed after interruption;

e Adaptation—adjusting to changing environment or task demands;

e Learning—changing behavior based on the previous experience;

e Mobility—transferability to other robotic platforms or systems;

e Personality—individual characteristics, preferences, and emotional state.

Although many of these properties are intuitive, it is a challenge to define
them precisely. As a result, the space of possible agents is vast. Wooldridge
(1999) noted that even a simple thermostat meets many criteria of agency:
it senses (the temperature), has a goal (to maintain temperature), reacts
(by raising or lowering the temperature), and works autonomously (without
human intervention).

Consequently, agent systems form one of the largest and most diverse
subfields of AI. These include autonomous agents, software agents, intelligent
agents, interface agents, virtual agents, information agents, and mobile agents
in multiple domains including operating systems, satellite imaging data pro-
cessing, electrical grid management, business process management, air-traffic
control, computer games, and more (Luck and d’Inverno, 2003).

Cognitive architectures

Cognitive architectures can be considered a subset of agent architectures be-
cause there is a substantial overlap between characteristics of both types
of systems (compare desiderata in Section 1.2.2 to requirements of agency
above). Beyond agency, cognitive architectures are expected to meet several
more criteria, such as cognitive inspiration or plausibility of organization and
processing, the ability to explain and predict human cognitive processes and
behaviors, and integration of multiple aspects of cognition within a single
system. However, interpretations of these properties may vary, making distinc-
tions between agent and cognitive architectures ambiguous and subjective.

Determining the extent to which any given architecture reflects properties
of human cognition is not trivial. Let us consider Belief-Desire-Intention (BDI)
which is based on Bratman’s (1987) theory of practical reasoning and philo-
sophical understanding of rationality. While BDI-based systems are commonly
regarded as agent architectures, CoJACK, a BDI system with behavior moder-
ators and additional constraints placed on memory, is referred to as a cognitive
architecture (Ritter et al., 2012). Another example is Copycat, a model of
analogical reasoning with two key components: a semantic concept network
and parallel processing (Hofstadter, 1984). Although neither component is
cognitively inspired, the central role of analogy and the parallel, distributed,
and non-deterministic operation of the system resembles operations in the
human brain. The successor of Copycat, Metacat, extends it by adding meta-
reasoning abilities. Despite sharing theory and implementation, only Metacat
is classified as a cognitive architecture, whereas its predecessor is not.

Not all systems categorized as cognitive architectures in the literature
predict human behavior. There are, however, specialized human performance
models (HPMs) that focus exclusively on this task. Most HPMs are designed to
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predict human behaviors and their outcomes in limited domains that involve
military and safety-critical civil tasks. Some HPMs are also psychologically
inspired and can emulate cognitive processes (e.g. COGNET; Zachary et al.,
2000). Given that early research on human performance modeling was aligned
with the goals of cognitive architectures (John, 1993), HPMs may be viewed
as a type of cognitive architecture. And vice versa, some well-known cognitive
architectures, such as, Soar, ACT-R, and EPIC can also be considered HPMs
(Kieras et al., 1998; Deutsch and Pew, 2003).

Lastly, there is no predefined list of what aspects of cognition a cognitive
architecture should integrate. Arguably important components, such as per-
ception, motor control, and learning, are not addressed in many established
cognitive architectures, but it does not disqualify them.

Biologically inspired cognitive architectures (BICAs)

The term BICA originated from a Broad Area Announcement (BAA) issued by
the Defense Advanced Research Projects Agency (DARPA, 2005). The agency
sought proposals to develop, implement, and evaluate psychologically- and
neurologically-based theories, design principles, and architectures of human
cognition. Although the BICA program was terminated within a few years of
its inception, the term remained widely used.

The purpose of BICAs is to model the human mind-brain more closely than
cognitive architectures that are viewed as primarily psychologically inspired.
This makes BICAs a subset of cognitive architectures, but the exact boundary
between the two is not well-established. Unfortunately, neither the original
definition in the BAA nor the subsequent uses of the term provide more
clarity. For instance, Samsonovich (2012), in a program paper establishing the
BICA Challenge, defines biological inspiration as reproduction of functional
properties and internal mechanisms of the human mind, its structures, func-
tions, and dynamics. However, criteria for the BICA Challenge only list tar-
geted human cognitive abilities (which overlap with desiderata Section 1.2.2)
without addressing biological inspiration in theory or implementation. Adding
to the confusion, projects listed as pursuing BICA are rooted in a broad
range of disciplines, including computer science, psychology, cognitive science,
and neuroscience. A comparative table of cognitive architectures' curated
by the BICA society contains an even larger set of architectures and their
features, some of which are agent and robot control architectures without
clear biological or psychological roots, such as Subsumption and PRS.

In other literature, biological inspiration takes many forms. In some cat-
egorizations, representation is the deciding factor. Goertzel et al. (2010b) in
their survey contrast primarily symbolic cognitive architectures with biologic-
ally inspired ones that have substantial subsymbolic components, distributed
representation, hierarchical organization, and excel at pattern-matching and
learning.

Others treat biological inspiration as explicit modeling of computational
and design aspects of biological systems (Holland et al., 2013). According to
this view, BICA aim to be real-life computational equivalents of the human
mind in terms of performance, organization, cognitive biases, and embodiment.
Such biologically inspired methods may be an intentional attempt to copy

Thttps://bica.ai/architectures/
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solutions that exist in nature or emerge from placing the system under the
same constraints as biological systems.

A more practical proposal by Love (2021) suggests operationalizing “bio-
logical plausibility” as an evaluation against specific data at a specified level of
abstraction. This would allow fair evaluation and avoid unnecessary criticisms
of high-level cognitive models for not including low-level neural processes and
vice versa. For this approach, certain evaluation practices are required, which
are yet to be established for cognitive architectures, as we will see later in
Chapter 10.

Neural architectures

Neural architectures aim to go a step further than BICAs in emulating the
human brain. As a subset of BICAs, these projects are by definition biologic-
ally inspired but with additional constraints on the structure of models and
acceptable computation approaches that differentiate brain emulation from
BICA. Cattell and Parker (2012) list requirements, such as accurate models
of spiking neurons, connectivity in the brain, synaptic plasticity, and power
consumption. Needless to say, there are very few architectures that attempt
detailed models of neural computation. In our selection, only SPA and Leabra
qualify.

Robot architectures

Robot architectures (or robot control architectures) have a clear definition:
they should be able to control a physical device. In principle, any cognitive
architecture can be interfaced with hardware with modifications to account
for new sensors and actuators. Architectures that are designed for specific
hardware are different: physical properties of the hardware constrain the types
of behaviors that the agent can perform and, by extension, the architectural
structure and the underlying computational concepts. As a result, these ar-
chitectures are less general than their software counterparts.

Robot architectures, regardless of their theoretical inspiration, are first
and foremost focused on addressing perceptual and motor issues, as well as
engineering concerns, including efficiency, reactivity, robustness, power con-
sumption, and graceful degradation in the face of unexpected events. These
architectures prioritize good performance on given tasks and implement cog-
nitive abilities to the extent that is needed for achieving this goal.

3.2 By cognitive conformity

In view of the difficulties with the common grouping of architectures into agent,
cognitive, biologically inspired, and neural, we propose an alternative scheme.
We start by delineating a set of cognitive architectures that include basic
modules for perception, memory, and reasoning. Essentially, any system that
can accept input, perform inference, and store results of computation fits this
description. Within this set, we define four following classes with increasing
levels of cognitive and biological detail and additional characteristics that make
them more suitable as scientific models of human cognition.

Inspired. Psychologically or biologically inspired architectures use theories,
observations, or facts about human cognition to inform the general design of
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the architecture or its parts. All that is required is to provide a reference to
a theory or theories and verbally or diagrammatically specify what parts are
implemented and how.

Plausible. Psychological or biological plausibility requires further proof by
referring to concrete theories of the modeled phenomena as well as justification
that the implemented model adheres to the theory and produces desired
outputs. This can be done by comparing the intermediate and final results
of the computation with corresponding human data. In addition to simply
producing the desired output, the architecture should have similar temporal
constraints, as well as display biases and limitations found in human data.
Explanatory. Ideally, the architecture should explain how internal cognitive
processes lead to observed outputs. However, explanatory power is generally
more difficult to demonstrate, as most cognitive processes are not directly
observable. Therefore, a deeper analysis is needed to tie the computational
pipeline to the hypothesized operation of human correlates. One way to do
this is to test a range of architectural parameters and analyze the effects they
have on the output.

Predictive. The original goal of cognitive architectures should not limited to
modeling what is already known about human cognition. Rather, they should
aim at deepening our understanding of the human mind and brain by finding
gaps in existing theories and proposing new hypotheses. There are two different
kinds of testable predictions that cognitive architectures can make:

e Quantitative predictions—output of the model on novel inputs comparable
to human data at the appropriate level of abstraction. This can be deter-
mined through evaluation on specific tasks and corresponding datasets (see
Chapter 10).

e Qualitative predictions—analytically derived and testable predictions re-
garding previously unobserved patterns and novel explanations of existing
phenomena.

The benefit of this taxonomy is that it groups cognitive architectures based
on the aspect that matters the most—how well they approximate human
cognition. Thus, it takes into account differences between architectures that
are vaguely based on folk-psychological concepts and the ones implementing
concrete psychological or biological theories that generate testable hypotheses.
In addition, gradations in cognitive conformity can be established at different
levels of abstraction (e.g. behaviors and neural recordings) and for embodied
and disembodied architectures, depending on the types of theory and data
used.

3.3 By representation

What abstraction is best for capturing human-level intelligence has been a
topic of a long-standing debate that reached its peak in the 1980-1990s. Two
camps formed: those defending the symbolic or quasi-linguistic view of cog-
nition, and those who considered connectionism as a more viable alternative.
According to the Physical Symbol System Hypothesis (Newell and Simon,
1976), the entirety of mental processing could be described as a computation
on atomic symbols. This type of processing is largely inspired by early work
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on computer architectures by Turing and von Neumann. A common view of
symbolic systems is that they excel at reasoning and planning, but are less
capable when it comes to perception and learning in a changing environ-
ment. Connectionist systems are primarily associated with the metaphor of
the neuron. Rosenblatt’s (1958) Perceptron is one of the most known early
implementations of this concept that demonstrated its potential for perception
and adaptation.

The choice of representation is important, because it predetermines many
aspects of the cognitive architecture and in some cases is a principled decision.
Not surprisingly, representation-based taxonomies of cognitive architectures
are very common in the literature (Vernon et al., 2007; Duch et al., 2008;
Goertzel et al., 2010b). In this section, we will discuss in more detail symbolic
and subsymbolic representations, their meaning, and practical implications of
each paradigm.

3.3.1 Symbolic and subsymbolic

Many accounts point to Newell and Simon (1976) and Feldman and Ballard
(1982) as the respective program documents for symbolism and connection-
ism, respectively. However, both computational approaches were formulated
decades earlier; Craik (1943) was one of the first to express the view that
the human brain operates with symbols, whereas the term connectionism was
introduced by Hebb in the 1940s according to Elman et al. (1996).

Symbols and neurons

Symbolic systems, as the name suggests, operate on symbols defined as phys-
ical tokens (e.g. strings or variables in a programming language) that refer to
some concept. Symbols are atomic in the sense that they cannot be broken
down into parts and cannot change their form. Some symbols may also refer
to compound concepts or expressions. For example, the concept of “bachelor”
combines two other concepts—“unmarried” and “man.” This still does not
violate atomicity as neither word is a constituent part of “bachelor,” which
itself is treated in expressions as a singular entity (Chalmers et al., 1992).
Connectionist systems are composed of many identical and simple compu-
tational units that are connected to one another and together form a graph
structure (network). Both nodes and edges in this graph are assigned weights
(activations) that dynamically change depending on the input. Concepts are
represented not by the individual nodes, but rather by patterns of node ac-
tivations within the network. Therefore, each node can be part of multiple
patterns of activations and contribute to representations of multiple concepts.

Syntax and semantics

Symbolic and subsymbolic representations differ in composition and meaning
that they convey about concepts. Symbols and relationships between them are
combined following syntactic rules. However, these syntactic manipulations
operate on the shape of the tokens, not their meaning. Thus, the label of the
symbol can be arbitrary and replacing any symbol with any other does not
change the relationships between the elements within the given expression.
Syntactically, “Mary gave a book to John” is equivalent to “X gave Z to Y,”
both of which express a relationship between two symbols that refer to abstract
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or real objects. Semantic meaning is provided externally by whoever defined
and used the expression. As a result, neither the symbol nor the syntactic
manipulation is capable of relating symbols to objects in the real world (with-
out interpretation assigned externally). This phenomenon is referred to as the
symbol grounding problem, initially triggered by the Searle’s (1980) Chinese
Room argument and given its classical formulation by Harnad (1990).

Connectionist systems operate on nodes and edges that can be interpreted
as concepts but themselves are one level below symbolic, hence the name
subsymbolic. Although individual nodes do not carry semantic meaning, the
distributed patterns of activity over the nodes do. Unlike symbolic archi-
tectures where semantic meaning is supplied externally by the programmer,
connectionist systems obtain it directly from the environment. However, the
concepts learned this way might not be readily available for analysis and
interpretation because the learning procedure for individual or composite con-
cepts does not preserve the integrity of its components. For example, a self-
supervised neural network can learn how to distinguish between different
classes of images and form representations for both that are neither linguistic
nor easily decipherable.

That is not to say that connectionist systems are immune from the symbol
grounding problem. Although some categories can be derived from sensory
experience through correlation alone as Harnad (1990) and others suggest, this
process leaves out the origins of categories for non-existent things and ignores
evidence for top-down formation of categories (Christiansen and Chater, 1993).

A common solution is grounding internal representations through task and
interaction, which can work with both symbols and networks. One demonstra-
tion of how it may occur is a guessing game study by Steels et al. (2005) with
two agents—a speaker and a hearer—that communicate to reach a cooperative
goal. The speaker asks the hearer to point to an object of a certain color, and
the hearer tries to understand and execute the request. Both agents initially
have no context, therefore the one assigned the role of a speaker initially comes
up with random names for previously unseen categories of colors. As a hearer
attempts to perform the requests, the shared lexicon of both agents expands,
and the meaning of the individual terms becomes more precisely defined.

Strengths and weaknesses

Despite differences in processing, syntax, and semantics, both symbolic and
subsymbolic representations are computationally equivalent to a Turing ma-
chine, can be implemented in the same programming language, and run on the
same von Neumann computer architecture (Arbib, 1961; Newell and Simon,
1976). But even though it is theoretically possible to express a connectionist
network as a symbolic system consisting of rules and vice versa, it is often not
feasible in practice. Therefore, the choice of representation is a trade-off.
Pattern recognition capacities in perception, motor control, categoriza-
tion, and associative memory eluded implementation in symbolic formalisms
(Dinsmore, 1992). Thus, virtually all practical systems that must deal with
the high-dimensional perceptual data use connectionist methods. At the same
time, neural networks historically struggled with tasks that required symbol
manipulation, such as planning and logical inference. Even today’s large vi-
sion and language models still cannot reliably solve planning and reasoning
problems (Valmeekam et al., 2023; Rahmanzadehgervi et al., 2024).
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Symbolic systems learn mainly by rote memorization, in other words, they
need an explicit knowledge base that specifies entities and relationships be-
tween them for a particular domain or task. While it is often considered a
weakness of symbolism, sometimes the ability to simply tell the system what
to do can be useful. For neural networks, direct upload of information is not
an option. Instead, learning even a simple classification task requires a large
number of training instances, and even more data is needed if the system
has to solve a task without supervision. Once knowledge is acquired, further
learning is more difficult with both types of representations but in different
ways. Symbolic systems struggle to form new associations and often break
when input is noisy or unexpected. Connectionist systems are less brittle, but
their flexibility can easily backfire. One such problem is catastrophic forgetting,
when new information causes irreparable damage to what was learned earlier
(French, 1999).

Connectionist systems capture some features of neural computations, such
as distributed representation and parallel processing. However, these simi-
larities are fairly superficial, as most neural networks do not represent the
biological neurons functionally or anatomically (see Section 11.2). Like brains,
neural networks resist direct examination and thus cannot be easily inter-
preted. Symbolic systems, on the other hand, offer transparency but lack any
connection to neural processes.

3.3.2 Neurosymbolic integration

How can apparent differences between symbolic and subsymbolic representa-
tions be resolved? The simplest, albeit radical, solution is to ignore one of the
representations entirely and focus on the other. This has been tried before with
symbolism in the 1980s, but without success, as we saw earlier in Section 2.1.
At the time of writing this chapter, another attempt is unfolding, this time
with connectionism, and some troubling trends are already becoming apparent
(see Section 11.2).

A more moderate option is to consider that connectionism and symbolism
are Turing equivalent and thus can perform the same computations. The choice
then becomes a matter of preference or suitability for the given purpose. In
fact, this is the route taken by the majority of cognitive architectures that
combine elements from both paradigms.

Types of hybrids

There are many ways of modeling cognition using a mix of symbolic and
subsymbolic representations, and several taxonomies have been proposed to
categorize them. The most detailed are taxonomies by Hilario (1997) and
Bader and Hitzler (2005).

The scheme proposed by Hilario (1997) and illustrated in Figure 3.2 is very
comprehensive and captures nearly all possible hybridization options. The top-
level division is made between the unified (purely connectionist) and hybrid
(mixed symbolic/subsymbolic) approaches. The unified strategies are further
subdivided into neuronal (biological) and connectionist (non-biological) ap-
proaches, the latter with localist, distributed, or mixed representations. Hybrid
strategies are comprised of translational or functional hybrids. Functional
hybrids are composed of separate symbolic or connectionist modules and are
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Fig. 3.2 Taxonomy of possible combinations of symbolic and subsymbolic representations proposed by
Hilario (1997). Top-level division is made between unified connectionist systems that give rise to or operate
with symbols and hybrid approaches that combine symbolic and subsymbolic processing in various ways.

further subdivided based on how tightly the modules are integrated and what
part of the processing pipeline they occupy. Translational hybrids incorpo-
rate only partial symbolic and connectionist representations, such as symbols
processed by neural networks, or symbolic patterns extracted from neural
networks. Therefore, translational hybrids are an intermediate stage from
unified to functional hybrids.

Bader and Hitzler (2005) proposed to arrange hybrids along three di-
mensions: interrelation, language, and usage, each with additional subdivi-
sions. Unlike the hierarchical taxonomies, the dimensional approach better
captures the fact that certain features of hybrids are independent. The first
dimension, interrelation, largely follows Hilario’s taxonomy and contains the
following groups: integrated-hybrid, neuronal-connectionist, local-distributed,
and standard-nonstandard. The last distinction applies to standard neural
networks that learn via backpropagation and custom ones that have different
units and learning methods (e.g. SHRUTTI). The language dimension describes
whether the symbolic part of the system uses symbolic or logical languages.
Finally, the usage dimension is somewhat similar to translational hybrids
in Hilario’s taxonomy and has two subgroups: extraction-representation and
learning-reasoning. The first reflects whether symbols are extracted from the
connectionist network or represented within it. The second determines whether
learning or reasoning is prioritized.

Other taxonomies cover some portions of these two categorizations. For ex-
ample, one of the earliest schemes by Medsker and Bailey (1992) distinguishes
between standalone-symbolic, standalone-connectionist, and transformational
models. Within the latter category, symbolic representation is converted to
subsymbolic via loose, tight, or fully integrated components. Transformational
systems in this taxonomy combine translational and functional hybrids in
Hilario’s taxonomy. Ultsch (1998) uses the term cooperative to describe mod-
ular hybrid systems where no transition between symbolic and subsymbolic
knowledge takes place, which only happens in true hybrids systems (transla-
tional hybrids in Hilario’s taxonomy). Another well-known categorization by
Sun and Wermter (2000) is an abridged version of Hilario’s. It distinguishes
between unified localist and distributed connectionist systems, transformation
architectures and modular hybrids with loosely, tightly, or fully integrated
components. Two directions of hybridization are suggested: vertical, along
with levels of computation, and horizontal, where multiple computational
levels are mixed for practical considerations. The most recent taxonomy of
neurosymbolic AI by Kautz (2022) considers six types of hybrids which also
can be mapped onto Hilario’s (1997) classification.
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Applying taxonomies

Although taxonomies described above are detailed and consider many possible
combinations of symbolic and subsymbolic components, applying them in
practice to categorize arbitrary cognitive architectures is often difficult.

Identifying representations. Even the first step in categorizing hybridiza-
tion type—identifying symbolic and subsymbolic elements—is not trivial, be-
cause there is little consistency in how representations are defined in the
literature. Furthermore, out of the architectures we reviewed for this book,
two-thirds omitted the specification of the representation and only a few
reported on the particular symbolic/subsymbolic processes or elements.

It is universally agreed that strings of characters, frames, production rules,
and non-probabilistic logical statements are symbolic and distributed repre-
sentations, such as neural networks, are subsymbolic. However, there are a
number of representations whose status is less certain. For example, probabilis-
tic action selection is considered as symbolic in CARACaS (Huntsberger and
Stoica, 2010), CHREST (Schiller and Gobet, 2012), and CogPrime (Goertzel,
2012b), but is described as subsymbolic in ACT-R (Lebiere et al., 2013) and
Copycat/Metacat (Marshall, 2006). Numeric data is treated as symbolic in
CAPS (Just and Varma, 2007), BB1 (Hayes-Roth, 1995), and EPIC (Kieras
and Meyer, 1996), but is regarded as subsymbolic in SASE (Weng, 2002). Sim-
ilarly, there are disagreements regarding the status of the activations (weights
or probabilities) assigned to symbols, use of reinforcement learning and im-
age data, etc. For example, reinforcement learning is considered symbolic
in CARACaS (Huntsberger and Stoica, 2010) and CHREST (Schiller and
Gobet, 2012), and subsymbolic in MAMID (Reisenzein et al., 2013). Images
are considered subsymbolic in MAMID (Reisenzein et al., 2013) and SASE
(Weng, 2002), and non-symbolic (or iconic) in Soar (Laird, 2012b) and RCS
(Albus and Barbera, 2005).

Identifying hybridizations. Mismatch between the level of detail in the
description of the architecture and description of class can also cause issues.
More detailed and nuanced distinctions are difficult to identify in the literature.
Conversely, if the category is not precisely specified, it can apply to too many
systems. Even if descriptions of the categories and cognitive architectures are
complete, interpretations may differ. For example, according to Hilario’s (1997)
classification, modules in the blackboard architecture are loosely connected,
but the authors of blackboard architecture consider the coupling tight since
there are both bottom-up and top-down flows of information (Hayes-Roth et
al., 1989).

Gaps in taxonomies. Hybridization within the architecture may happen in
many places at once: an architecture can be interfaced with another architec-
ture with different representation and also contain a mixture of representa-
tions within its modules. Such scenarios cannot be captured with the tree-like
taxonomy, unless duplicate leaves are permitted. Placing the architectures in
a continuous multidimensional space spanned by several axes resolves this
issue, but becomes difficult to visualize and comprehend. Another drawback
of common taxonomies of neurosymbolic integration is that they do not permit
representations that are subsymbolic but are not necessarily connectionist
networks, such as various features used in computer vision, e.g. SIFT (Lowe,
2004) and other interest point detectors.
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A modified taxonomy

Because many fine-grained types of neurosymbolic integration cannot be easily
discerned from the descriptions of architectures, we propose a simpler taxon-
omy based on the levels of hybridization.

Intra-modular hybrids are either unified (i.e. composed of a single module)
or modular systems where a hybrid representation is dominant. A common
example is the implementation of memory via semantic networks that com-
bine symbolic and subsymbolic elements. For example, ACT-R, Soar, CAPS,
Copycat/Metacat, CHREST, Clarion, and NARS combine symbolic concepts
and rules with subsymbolic elements, such as activation values, spreading
activation, stochastic selection process, reinforcement learning, etc. Some ar-
chitectures take this concept to the extreme. For example, DUAL consists of
a large number of highly interconnected hybrid agents, each of which has a
symbolic and subsymbolic component integrated at a micro-level.
Inter-modular systems consist of multiple separate modules or processes,
some of which are symbolic, subsymbolic, or hybrid. This is particularly com-
mon in robotic architectures. For example, in 3T, ATLANTIS, RCS, DIARC,
and CARACaS, a symbolic planning module determines the behavior of the
system and one or more modules are used to process visual and audio sensory
data using subsymbolic techniques like neural networks and optical flow cal-
culation. Cognitive architectures, such as STAR and ARCADIA also combine
symbolic knowledge base and reasoning with subsymbolic image processing
algorithms. A typical inter-modular architecture is implemented as a set of
interconnected competing and cooperating modules, where individual mod-
ules are not restricted to a particular representation (Kismet, LIDA, ISAC,
CORTEX, Polyscheme, FORR).

Super-modular hybrids either encapsulate another architecture or combine
multiple complete or partial architectures. Even though additional effort is
required to build interfaces for communication between them, this approach
takes advantage of the strengths of each architecture. Naturally, this approach
is most beneficial when two (or more) architectures in question are different,
for example, use different representations and processing styles.

Many of such hybrids are proof-of-concept one-off experiments, to demon-
strate the feasibility and utility for certain tasks. Some examples include
CERA-CRANIUM/Pogamut (Arrabales et al., 2009b) and CERA-CRANIUM/
Soar (Asensio et al., 2014) hybrids for playing video games and IMPRINT/
ACT-R for human error modeling (Lebiere et al., 2002). A good overview of
conceptual and technical challenges involved in creating an interface between
cognitive and robotic architectures is given by Scheutz et al. (2013), who
develop and test their integration framework on two pairs of architectures:
ACT-R/DIARC and ICARUS/DIARC.

We are aware of only a few long-term super-modular projects, among them
SAL and ADAPT. SAL combines ACT-R and Lebra such that ACT-R is
used to guide the learning of Leabra models (Jilk et al., 2008). In the robotic
architecture ADAPT, Soar is utilized for control, whereas separate modules
are responsible for modeling a 3D world from sensor information and for visual
processing (Benjamin et al., 2013).

Overall, hybrid architectures are the most numerous and diverse group
(see Figure 3.3) that forms a continuum between connectionist and symbolic
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Fig. 3.3 Taxonomy of cognitive architectures according to the new symbolic-subsymbolic hybridization
scheme. Symbolic, hybrid, and subsymbolic architectures are shown with filled circles, triangles, and
empty circle symbols, respectively. Hybrid cognitive architectures are further split into super-, intra-, and
inter-modular as defined in the text (larger triangles indicate that more than one hybridization strategy
is present). Architectures shown in bold were implemented on a robotic platform. Sorting order is
alphabetical within the subgroups.

systems, depending on the proportions and roles played by symbolic and
subsymbolic components. Although quantitative analysis of this space is not
feasible, it is possible to crudely subdivide it. For instance, some architectures
such as CogPrime and Sigma are conceptually closer to connectionist systems,
as they share many properties with the neural networks. On the other hand,
CHREST and RALPH, as well as the architectures implementing symbolic
subprocessing, 3T and ATLANTIS, are primarily symbolic but utilize sub-
symbolic elements, such as probabilistic reasoning and learning mechanisms.

3.4 Summary

e Taxonomies of cognitive architectures discussed in this chapter focus on
three aspects of cognitive architectures: levels of abstraction and embodi-
ment, ability to model and explain human cognition, and representations
(symbolic, subsymbolic, and hybrid). These broad categorizations help or-
ganize the extensive literature on cognitive architectures and related phe-
nomena.

e A defining feature of architectures that distinguishes them from other soft-
ware and hardware artifacts is agency, understood broadly as the ability to
deliberately act in a complex environment.

e Common categorization of agent architectures represents them as a nested
hierarchy of cognitive, biologically inspired, and neural architectures that are
designed to ensure psychological, biological, and neural realism, respectively.
Robot architectures can belong to either group and are defined by the ability
of the architecture to control a physical device.

e The categories of cognitive, biologically inspired, and neural architectures
are not well defined and can be conflated with levels of abstraction and repre-
sentation. We suggest an alternative categorization by cognitive conformity
that focuses on how well the architecture models human cognition with
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four classes: 1) architectures inspired by findings in psychology, cognitive
science, or neuroscience, 2) those implementing plausible mechanisms, 3)
architectures that can explain cognitive phenomena beyond matching hu-
man input-output data, and 4) architectures that can propose novel testable
hypotheses.

e Another common taxonomy is by internal representations: symbolic, sub-
symbolic, and hybrid combining both. Internal representations define many
properties of the intelligent system, such as their general organization and
applicable algorithmic solutions. Because symbolic and subsymbolic ap-
proaches are complementary, the majority of the architectures incorporate
both to exploit their benefits and mitigate limitations.

e Existing neurosymbolic taxonomies describe multiple ways of combining
symbolic and subsybmolic representations. In practice, however, these cat-
egorizations are difficult to apply to cognitive architectures due to the large
variety of approaches, nuanced differences between them, and insufficient
technical details to identify relevant elements. Therefore, we outline a sim-
plified categorization based on the three levels of hybridization: intra-, inter-,
and super-modular.



Part 11

HOW ARE COGNITIVE ARCHITECTURES
BUILT?

Part II overviews core components present in most cognitive architectures and
their associated human cognitive abilities. Here, we provide many concrete
examples of theories and implementations and, whenever possible, point out
their strengths and weaknesses with respect to relevant human competencies.

The chapters are organized in the order of processing in a typical cognitive
cycle, starting with sensation and perception (Chapter 4) that help extract
information from the environment. We then investigate the role of memory
in storing and managing knowledge (Chapter 5), as well as learning new
knowledge (Chapter 6). Next, we look at how obtained knowledge affects
action selection and reasoning (Chapter 7). Lastly, Chapter 8 examines how
these different components are organized to form a single processing pipeline
with various information flows within it.






4 Sensation and Perception

Any intelligent system, whether biological or artificial, uses sensors to perceive
its surroundings. For most of us, perception is immediate, effortless, and highly
accurate, but in reality it is an incredibly complex and still not fully understood
process.

In this section, we will look at what sensory information cognitive archi-
tectures obtain from the environment, how they process it, and how their
perceptual abilities compare to those of humans in terms of quantity and
quality of available sensory modalities, fidelity of sensors, and transformation
of raw sensory data into representations useful for carrying out tasks. This
chapter is structured as follows:

Section 4.1 provides an overview of human sensory modalities and corre-
sponding modalities (and associated sensors) in cognitive architectures.
Section 4.2 focuses on the properties of real and simulated environments
relevant for perception.

Section 4.3 is dedicated to vision as one of the most important and well-
represented sensory modalities. Here, we introduce visual processing stages
and describe implementations of these stages with physical or virtual sensors
in different types of architectures.

Sections 4.4—4.7 discuss other sensory modalities, such as somatosensation,
audition, nociception, olfaction, and gustation.

Section 4.8 covers multimodal perception, which modalities are frequently
combined, and the advantages of doing so.

Section 4.9 describes visual attention, types of attentional mechanisms, their
properties, and implementations.

4.1 Sensory modalities

Because senses are our only connection to the outside world, our perception
of reality is shaped by the quality and quantity of the sensory information
we receive. The same holds for any artificial system—quantity, quality, and
diversity of available sensors determine what it can experience and respond
to. In this section we will discuss what humans can perceive through their
senses and how this sensory experience can be approximated computationally
with physical or virtual devices.

4.1.1 Human senses

In 350 BC, Aristotle introduced the earliest known taxonomy of human senses
(Hicks, 1907, p. 109). It listed five distinct senses based on corresponding
visible sensory organs—sight (eye), hearing



68 | Sensation and Perception

Table 4.1 A list of human sensory modalities and corresponding physical sensors used in cognitive
architectures. Pain is the only sense that has no associated sensors because it is simulated in all cognitive
architectures that have it.

Sense Physical sensor

Vision (seeing) Cameras, range sensors

Audition (hearing) Microphone

Gustation (taste) pH, humidity, and conductivity sensors
Olfaction (smell) Chemosensors

Haptics (touch) Force, touch, and pressure sensors
Vestibular sense (balance) Gyroscope, accelerometer

Somatosensation (proprioception, pain) Actuator feedback, odometer, IMU

and touch (skin). This categorization persisted for over two millennia and is
still in use today.

Only during the last century were the number of senses, criteria for dif-
ferentiation between them, and independence of processing within and across
modalities investigated more systematically. Currently at least seven sensory
modalities are recognized: the Aristotelian five and two more—vestibular sense
(balance) and somatosensory modalities (proprioception, pain) (Kandel et
al., 2021). These modalities are determined based on the physical stimulus,
receptor type, neural path, and cortical receiving area (Mather, 2016). Hearing,
vision, touch, and balance have distinct pathways and physical stimuli (sound,
light, mechanical and motive force). Smell and taste share stimulus (chemical
contact) but have distinct neural pathways. Somatosensation shares cortical
destination with touch, but has separate receptors and pathways.

Even though modern categorizations are more principled than Aristotelian
taxonomy and grounded in current findings from biology and neuroscience,
they still present an incomplete view of human sensory perception. There
are potentially many other senses, such as body temperature, hunger, thirst,
suffocation, fatigue, and many others, that are not supported by the stan-
dard taxonomies (Macpherson, 2011; Ritter and Serdiuk, 2024). Furthermore,
treating senses as independent is also difficult to reconcile with discoveries of
pervasive multisensory integration and phenomena such as synesthesia (e.g.
seeing colors when listening to sounds) and sensory substitution (e.g. using
touch to compensate for impaired vision) (Fulkerson, 2014). However, since
these topics have not yet been investigated in the context of cognitive archi-
tectures, we will focus only the basic sensory modalities and consider each
separately.

4.1.2 Sensory modalities in cognitive architectures

We begin by examining sensory modalities supported by cognitive architec-
tures and corresponding artificial sensors. To do so, we tallied up all mentions
of sensors in publications for each architecture in our selection, noting which
sensors were physical (real) or virtual (simulated) devices. Each type of sensor
was associated with one of the seven sensory modalities defined by Mather
(2016), as summarized in Table 4.1. Note that some cognitive architectures
have been implemented on a variety of robotic platforms with different sensor
suites and as a result are associated with dozens of sensors. Thus, to avoid
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Fig. 4.1 A summary of sensory modalities in cognitive architectures. A) Each bar represents the number
of cognitive architectures implementing a respective modality using physical sensors, simulated sensors,
or either. B) A Venn diagram showing the number of architectures implementing combinations of one, two,
or three of most common sensory modalities: vision, audition, and somatosensation.

bias, we determined for each architecture only whether a particular sensory
modality was implemented in some capacity (physical, virtual, or both), re-
gardless of the type and number of sensors used. To determine the potential for
multimodal perception, we also noted all cases when two distinct modalities
were present in a single implementation.

The resulting diagrams in Figure 4.1 show distributions of sensory modal-
ities and sensor types in our sample of cognitive architectures. Overall, the
following general observations can be made based on the gathered data:

e Even with our generous counting criteria, more than one-third of cognitive
architectures implement a single sensory modality and only few implement
more than three.

e Vision is by far the most common sense, closely followed by somatosensation
and audition, with the remaining senses far behind. Only a handful of
cognitive architectures have olfaction and gustation.

e Virtual (simulated) sensors are quite common, particularly for visual, pro-
prioceptive, and auditory modalities. In other words, many architectures do
not implement any sensory processing and rely instead on the symbolic or
numeric representation of the world provided by the simulated environment.

e Although not shown in the diagram, a closer examination of the data reveals
that sensory abilities of different cognitive architectures correlate with their
type and knowledge representation. Specifically, we found that physical
sensors were more prevalent in the hybrid and robotic architectures, whereas
symbolic architectures were more likely to rely on simulated sensors.

4.2 Environment

Sensory abilities of living organisms evolve not only to satisfy their goals,
but also to fit the properties and demands of their habitat (Oteiza and Bald-
win, 2021). Cognitive architectures are likewise linked with the environment
and task, but through intentional design rather than gradual adaptation.
Consequently, environments used for developing cognitive architectures should
be considered carefully; it may be tempting to simplify settings for ease of
development and experimentation, however the resulting systems may not
accurately represent the intricacies of real-world perception. Thus, we will
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begin by considering the real and simulated environments used for research on
cognitive architectures.

Real environments. Uncontrolled real-world environments are the most de-
manding because of their scale, unconstrained layout, potential of exposure to
elements, varying lighting conditions, and higher chance of unexpected events
occurring. As a result, only a few cognitive architectures are able to operate
in such conditions. One example is driving on a public highway with traffic
(Murphy et al., 1994) and off-road test track at 35 km/h (Coombs et al., 2000)
in an autonomous vehicle controlled by 4D/RCS. Another real-world test of
note was conducted in an industrial park with steep hills and grassy soft
ground with the TCA architecture on an Ambler hexapod robot (Krotkov
and Simmons, 1996). Lastly, a Mars-like environment strewn with rocks and
boulders was used to test capabilities of ATLANTIS aboard a planetary rover
(Gat, 1991a).

Controlled real environments offer known and fixed ambient conditions and
layout. Typically, these are indoor locations, such as a lab or an office, hallways,
or even a tabletop. Such settings are useful for tasks involving navigation,
interaction with other agents, assistive applications, and object manipulation.
Simulated environments. Simulations have been a staple of research in
artificial intelligence (AI) since its inception, and for a good reason. Com-
pared to the real world, simulations provide full control over the environment,
recreate unsafe or difficult to achieve conditions, and can run at artificially
high speeds for many iterations without the risks of injuring humans or break-
ing the hardware. It should come as no surprise that only about one-third
of the architectures in our selection have been implemented on a hardware
platform and thus can run in real environments. The rest operate in simulated
environments with various degrees of fidelity.

Perhaps, the most sophisticated simulations are digital copies of existing
environments that allow experimentation with high-quality real-world data.
An early example of this approach has been demonstrated on a rover controlled
by the ATLANTIS architecture. Recordings of the challenging outdoor terrain
imitating conditions on Mars were used as a world model in simulated experi-
ments (Gat, 1991a). Although such detailed simulations are useful for bridging
real and simulated environments, they are laborious to record and maintain
and are not common in the field of cognitive architecture research. In modern
research on embodied Al, however, virtual replicas of real environments are
being used extensively (Duan et al., 2022) and may be a good option to
consider in the future.

A step below are 3D simulations combined with physics engines and agent
models. These simulations can be quite realistic, but do not necessarily rep-
resent any existing environment in full detail. Gazebo is one of the commonly
used open-source simulations of this kind, which provides access to physics
engines, photorealistic rendering of the scenes with lighting, shadows, and
textures, and accurate sensor data with noise models from various sensor
types (Koenig and Howard, 2004). Gazebo has been used to create various
environments for testing cognitive architectures: tabletop setting with common
objects for DIARC (Wilson et al., 2016), town street with buildings and roads
for LIDA agent (Madl et al., 2016), and indoor environment with a model of
Baxter humanoid robot for MIDCA (Cox et al., 2016).



Vision \ 71

The simplest kinds of simulations are discretized 2D worlds that represent
the environment at different levels of granularity. Placement and movement of
objects in the environment usually occurs according to predefined rules. What
can be perceived about the world is also defined rather rigidly, usually as a
set of predicates provided automatically or when requested by the agent.

While development in simulation is easier initially, the architecture will
likely require considerable changes to account for added environment com-
plexity and inevitable sensor noise present in the real-world conditions. Even
though many simulations seem “acceptable” to human eyes, they are still
abstractions controlled by their designers and results obtained through such
means may be misleading. In robotics, closing the gap between simulation and
reality (sim-to-real) still poses a considerable challenge, despite progress in
generating realistic imagery and physics (Zhao et al., 2020).

Sim-to-real transfer is even more acute for the simplified simulated envi-
ronments that the majority of cognitive architectures use. As a result, few
architectures developed in simulation have been tested in the real world, and,
even then, under highly controlled conditions. For example, ACT-R, Soar, and
DUAL have been eventually interfaced with robots but as isolated proof-of-
concept experiments rather than a permanent move away from simulation. On
the other hand, specialized robot control architectures initially designed with
physical bodies in mind can be deployed on different robotic platforms or in
simulated environments. In fact, many use simulation as a convenient way of
transferring skills to inaccessible domains or to avoid damage to equipment
during experimentation. Some successful examples are RCS and ATLANTIS,
both tested on a variety of physical platforms and simulations.

4.3 Vision

Historically, vision has been considered a dominant human sensory modality
(Posner et al., 1976). While recent works suggest a more integrated view of
human sensory experience (Stokes and Biggs, 2014), cognitive architectures
remain vision-centric; if any given architecture has only one sense, it is almost
certainly vision. Given the prevalence of vision in cognitive architectures and
significant effort spent on this sensory modality compared to others, it deserves
a more detailed consideration. In what follows we will discuss sensors, physical
and virtual, and their properties with respect to human visual capabilities,
stages of human visual processing, and their implementations in cognitive
architectures, as well as common techniques for optimizing visual processing.

4.3.1 Sensors

Various cameras are the most common sensors used for visual modality. How-
ever, because depth is difficult to extract from images, range sensors are often
used in addition to or even instead of cameras, depending on the tasks. Here,
we will discuss how well these types of sensors approximate human vision.

Cameras

Cameras by design mimic some optical properties and functions of the human
eye, which makes them a natural choice of vision sensor. A camera has an
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opaque body with an aperture which is similar to the sclera and pupil of the
eye. A system of lenses in the camera refracts the light, although it typically
lacks the flexibility of the eye’s cornea and lens. A digital sensor converting
photons into electric signals is similar to the retina, a light-sensitive layer of
tissue covering the back of the eye.

Despite some common design elements, there are significant differences
between the camera and the biological eye. Unlike digital sensors and film,
the eye’s retina is not uniformly sensitive to light because of the uneven
distribution of receptors. Because most of them are located in the central
region (fovea), visual acuity (resolution) is highest there and drops off quickly
toward the periphery. As a result, unlike a camera that passively processes the
entirety of the scene it is pointed at, human vision is an active process that
involves eye movements to bring different areas of the scene into the fovea,
continuously changing the contents of the retina.

Although human vision is not the best in the animal kingdom and the
optical quality of the human eye is low compared to some artificial systems,
the human optical system is highly optimized (Navarro, 2009; Artal, 2015). In
fact, in the process of evolution, human eyes reached an absolute terminal point
that closely approximates limits imposed by physics of the eye (Rose, 1973).
Thus, any modifications to the human eyes, whether intentional or due to
aging, usually degrade their performance.

The extent to which technology can replicate human vision is unknown,
as there are not many direct comparisons between the characteristics of avail-
able cameras and human eyes. The only comprehensive study by Skorka and
Joseph (2011) is now over a decade old, but gives some idea. The authors
benchmarked twenty-four commercial and research digital cameras against an
idealized human eye with respect to eight parameters measuring geometric
properties (visual field, spatial/temporal resolution), signal and noise power,
and power consumption. The conclusion was that none of the cameras rivaled
the human eye in any of these characteristics, with particularly wide differences
in dynamic range. This is not surprising, as human eyes are remarkable at dark
adaptation, being capable of increasing their sensitivity a thousandfold in a
short span of time (Rose, 1973).

Results of the Skorka and Joseph’s (2011) benchmark hold for cameras used
in implementations of cognitive architectures we considered. Even the recent
architectures do not make use of the most advanced sensors available today.
As a result, there are large discrepancies between characteristics of the sensors
and corresponding properties of human vision, which will be discussed next.

Field of view (FOV). Humans have a wide-angle visual field, spanning 200°
horizontally and 125° vertically (Strasburger, 2020). In comparison, cognitive
architectures used a wide variety of cameras. Most were narrow angle, such as
35° (BBD; Seth et al., 2004b), 45° (ADAPT; Benjamin et al., 2006), or 58°
(3T; Wong et al., 1995). In some cases wider angle cameras (e.g. 115° FOV
camera used in RCS; Camus et al., 1996) or multicamera setups providing 360°
panoramic view (CARACaS; Wolf et al., 2010; Saphira, Konolige et al., 1999).

Binocular vision. The human visual system relies on two eyes, but not only
as insurance against loss of an important perceptual organ. Approximately
120° of the human visual field is binocular, which offers many advantages, most
notably, stereopsis (ability to discern depth of static and moving objects) and
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binocular summation that enhances vision quality. Many cognitive architec-
tures support stereo vision, particularly for tasks, such as navigation, object
manipulation, and social interactions where depth is necessary for adequate
performance.

Acuity/resolution. The human retina packs 127 million photoreceptors in
an area of 1100 mm? most of which are concentrated in the center, which has
a resolution of 1/60th of a degree, sufficient to discern very fine details, such
as distinguishing HD video from 4K. Ten years ago, state-of-the-art digital
sensors featured 16.6 million photo receptors evenly distributed over 1,600
mm? sensor area (Taylor, 2011). Today, technology can fit 200-megapixels
into a 75 mm? sensor (Omnivision, 2022). However, most architectures use
inexpensive consumer cameras that produce low-resolution images rarely ex-
ceeding 1,000 pixels in either dimension and are often downsampled further
to speed up processing. For example, Darwin VII (an instance of BBD) nav-
igates the environment using a single camera with resolution of 230x240 px,
downsampled 4x (Seth et al., 2004a). Likewise, 3T processes 1,024x1,024 px
images downsampled to 793x793 px (Wong et al., 1995).

Peripheral/central vision. As already mentioned, human vision is wide-
angle and low resolution for most of the visual field. Many visual systems
in nature share these properties, as they favor navigation and self-defense.
Foveal vision developed later in some vertebrates (including humans) for more
specialized tasks that demanded high-resolution vision, but peripheral vision
remains sufficient for many visually guided tasks (Navarro, 2009).

In the absence of foveated sensors, some architectures realize the distinc-
tion between peripheral and central vision using separate cameras. For ex-
ample, Cog, a humanoid robot with movable head and arms, has two cam-
eras per eye. One is for peripheral vision, providing a 88.6 x 115.8° FOV.
Another type of camera is a high-resolution simulated fovea with narrow
18.4 x 24.4° FOV (Scassellati, 2003). Kismet, a baby-like successor of Cog,
also has foveal narrow-angle cameras in each eye for face recognition and
visually guided tasks. Two wide-angle peripheral cameras support search tasks,
tracking and compensating for involuntary ego-motion (Breazeal et al., 2000).
A non-humanoid robotic vehicle controlled by RCS uses a camera with 40°
FOV and 242 x 256 px for central vision for object recognition and a peripheral
camera with 115° FOV and same resolution to compute optical flow (Coombs
et al., 1998). The iRobot B21R platform used for ACT-R/E (E stands for
embodied) is equipped with omnidirectional camera and a high-resolution
forward-facing camera (Kennedy et al., 2009).

Eye and head movements. Head and eye movements perform many impor-
tant functions that make vision more versatile (e.g. by expanding the visual
field and focusing on particular elements of the scene) and serve as non-verbal
communication signals (e.g. gaze following, nodding). Many robotic platforms
are equipped with pan/tilt heads that allow camera rotation. For example, 3T
uses a pan/tilt unit to keep the person within the camera’s FOV (Wong et
al., 1995), an RCS-controlled robot performs saccades to realign the camera
with its heading (Coombs et al., 1998). Kismet, mentioned earlier, can move
its foveal cameras, but the peripheral camera remains stationary (Breazeal et
al., 2000).
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Range sensors

Although cameras are a rich source of information, existing algorithms for
processing visual data are computationally expensive and unreliable. Various
non-visual sensors can supplement or even replace cameras for some visual
tasks, particularly those relying on accurate depth estimation. The three most
common sensor types for this purpose are infrared, sonar, and laser. These
remote sensors provide accurate distance measurements to objects using dif-
ferent mediums (infrared light, sound waves, and laser beams, respectively).

Strictly speaking, range sensors do not have the properties of human vision
but rather provide better depth estimates than are possible from stereo or
motion, and improve the overall robustness of the system. Depth cameras were
introduced relatively recently and are used only by a handful of architectures.
Such cameras cast modulated illumination and measure its distortion or travel
time to compute depth of each pixel (Xiong et al., 2017).

Virtual sensors

Virtual sensors are typically part of the simulated environment and provide
visual information in various forms, from unprocessed images or video streams
to fully parsed scene representations, as will be discussed in the next section.

4.3.2 Stages of visual processing

The human ability to comprehend complex visual information appears effort-
less and instantaneous, but is a very complex biological process with multiple
steps, many of which are still not well understood. Once light passes though
the eye it falls on a sheet of photo receptors (retina in the eye or digital sensor
in the camera) forming a representation of the scene. In the retina, however,
this representation is analog and time-varying, unlike the static 2D snapshot
of the digital camera. The raw visual information is of little use for most tasks
and has to be processed further.

According to one of the early computational theories of visual processing
by Barrow et al. (1978) and Marr (1982), three distinct stages follow: early,
intermediate, and late processing. Early vision is data-driven and involves
parallel processing of the visual scene and extracts simple elements, such
as color, luminance, shape, motion, etc. Intermediate vision groups elements
into regions, which are then further processed during the late stage, where
individual objects, their locations, and spatial relationships between them are
identified.

In the last forty years, our understanding of visual processing has been
greatly improved, but the general division of visual processes into early, mid-,
and late stages remains commonplace. We base our analysis on the taxonomy
of image understanding stages introduced by Tsotsos (1992) as it maps well
onto most of the cognitive architectures in our selection:

1. Detection and grouping of intensity-location-time values into edges, re-
gions, and optical flow vectors;

2. Further grouping of edges, regions, etc., to infer surfaces, volumes, bound-
aries, and depth information;

3. Identification of the objects and their motion;

4. Building object-centered representations for entities;
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5. Assigning labels to the objects based on the task;
6. Inference of spatio-temporal relationships among entities.!

All processing stages benefit from or even require additional task or world
knowledge. Already at stage 2, grouping of features depends on the camera
viewpoint and the kinds of objects present. Later stages require spatial rea-
soning and operate on representations abstracted from the results of earlier
processing stages. Although not mentioned by Marr, visual attention mech-
anisms, emotion, and reward systems also influence all stages of visual pro-
cessing (Tsotsos, 2011). Thus, perception and cognition are tightly intertwined
throughout the entire visual pipeline.

In cognitive architectures, cognitive and biological fidelity of visual pro-
cessing correlates with theory conformity (as defined in Section 3.2). Since
none of the architectures have general purpose vision, most are designed for
specific tasks. As a result, the type of sensor input and task affect what stages
of visual processing they have and how they are implemented. For example,
simple visually guided navigation can be done with very little processing since
one needs to know the locations of obstacles, not their identities or properties.
However, more challenging tasks, such as object manipulation and interaction
with people, typically require most of the processing stages outlined above.

Cognitive inspiration and plausibility

Recalling the previous section, cognitive conformity constrains the kinds of
representations, data structures, and algorithms that can be used in imple-
mentation. Typically, architectures that are merely informed by cognitive
and biological theories are the least constrained and approach vision as an
engineering problem, while still following the processing steps outlined above.

Early vision (step 1) usually involves edge detection and disparity estima-
tion from stereo. These features are then grouped (step 2) into blobs with
similar features (color, depth, etc.), which are resolved into candidate objects
with centroid coordinates (step 3). For example, in the robotic systems it is
common to use stereo images together with range sensors to detect obstacles
without identifying them (e.g. ATLANTIS, Miller and Slack, 1991; CARACaS,
Huntsberger et al., 2011).

To identify objects (step 4) and categorize them (step 5) it is common to
use machine learning techniques. In this case, object models are learned off-line
from a set of examples. For example, RCS (Albus and Barbera, 2006), DIARC
(Scheutz et al., 2005), Kismet (Breazeal and Scassellati, 2002) use pretrained
neural networks for object detection, DIARC (Schermerhorn et al., 2006) relies
on SIFT features for object recognition, and CORTEX (Romero-Garcés et
al., 2015b) trains SVM classifiers on stereo depth and LBP to find people and
determine their age and gender. Hand-coded representations for object models
are also common and require no learning.

Spatial reasoning (step 6) is often implemented as an ego-centric map that
is populated with surrounding objects and regularly updated with new sensor
information. Some robotic architectures feature an ego-sphere for integrating
sensory information with action. This structure mimics the functions of the

!The last stage from Tsotsos (1992)—forming consistent internal descriptions—is omitted. In
cognitive architectures, such representations are not confined to perception but are usually distributed
across various reasoning and memory modules.
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hippocampus, although not in a biologically plausible way (Peters et al.,
2001b). Essentially, an ego-sphere is akin to a virtual dome surrounding the
agent, onto which salient objects and events are mapped. RCS (Albus, 1994)
and IMA (Kawamura et al., 2008) both implement this concept.

Adding more psychologically and biologically accurate processing is often
challenging, because there are no universally accepted theories of biological
vision nor off-the-shelf software that the less constrained architectures can
use. As a result, those architectures that adhere more closely to biological
realism are limited in terms of visual tasks they can perform.

More biologically plausible design of perception is based on the anatomy
of the ventral pathway and models areas of the cortex that roughly cor-
respond to early and intermediate processing steps described earlier. One
prominent example is Leabra (O'Reilly et al., 2013), which organizes neurons
in a hierarchy, models reciprocal connections between the layers, and recurrent
inhibitory dynamics that limit the activity levels across the layers (Wyatte et
al., 2012). The visual systems of Darwin VIII (BBD; (Seth et al., 2004b)),
Spaun (SPA) (Eliasmith et al., 2012), and many ART models (Grossberg,
2007b) are also modeled on the primate ventral visual pathway. Neuron-based
but not necessarily biologically realistic approaches to vision are implemented
in SASE (Zhang et al., 2002), MDB (Duro et al., 2010), BECCA (Rohrer et
al., 2009), and DAC (Mathews et al., 2009).

Although many of these systems do not explicitly perform tasks typical for
late vision, such as assigning labels to objects, they are evidently capable of
distinguishing between different object categories and their spatial relations for
use in the visually guided tasks like navigation (BBD, Fleischer and Edelman,
2009; BECCA, Rohrer et al., 2009; DAC, Mathews et al., 2009; MDB, Duro
et al., 2010; SASE, Weng, 2007).

Processing of real and simulated input

The source of visual input determines many of its characteristics and how much
processing is required. Physical sensors (cameras, laser arrays, etc.) typically
provide an unprocessed stream of sensor data (e.g. pixels, point clouds). While
some advanced simulations can emulate physical sensors fairly accurately,
more often they provide data that is partially or fully processed, i.e. includes
additional information supplied by the simulation engine, such as object labels,
locations, and other properties. Below, we discuss these different types of data
with examples.

Unprocessed data. Some simulations render a stream of 2D arrays of pixels
that represent images of the scene from the viewpoint of the agent. This is the
closest one can get to a physical camera in simulation. However, only a few
architectures use simulations that provide complete 3D scenes and cameras
that move around to capture images from different viewpoints, similar to how
a physical camera or the eyes of living organisms senses the surrounding
environment. Even when such cameras are available, their parameters are
rarely reported and presumably fixed.

There are several advanced simulations used for developing cognitive archi-
tectures. For example, MECA architecture controls a digital replica of a robot
with stereo camera moving around a factory floor (Gudwin et al., 2020b). The
robot controlled by CARACaS is situated in a game-like simulation of a Moon
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base with multiple astronauts and objects (Huntsberger, 2011a). Similarly, the
authors of CERA-CRANIUM use an avatar for the popular robotic platform
Pioneer 3 with a single forward-facing camera, for which only the resolution
(320 x 200 px) is specified. The environment is an indoor maze with textured
floor and walls (Arrabales et al., 2009d). Another example, BECCA, uses a
top-down view of the table with the robotic arm and the object it is learning
to grasp. However, besides several screenshots of the simulated scenes, there
is little information about the visual properties of the simulations.

Partially processed data. Many simulations instead of raw pixels provide
partially processed data, e.g. objects with labels and other attributes that
could be derived from the image, thus omitting explicit early and middle
processing stages. Visual realism of such simulations is mostly for aesthetic
and debugging purposes, as the information is available directly (sometimes
with simulated sensor noise). For example, MIDAS implements an anthropo-
morphic model of the agent, cockpit, and external environment used mainly
for visualization purposes (Hart et al., 2001). 3T operates within the kinematic
simulation of the robotic arm for the tasks around a space station (Bonasso
et al., 1997). MicroPsi receives visual shapes as shock graphs (skeleton and
edges) from which it can classify objects. The ACT-R vision module retrieves
information regarding color, location, and size of objects, from which spatial
relations between them can be inferred (Byrne, 2001). EPIC follows a similar
approach (Kieras and Hornof, 2014).

The grid-like 2D simulation environments, mentioned earlier in Section 4.2,
are also commonly used by the symbolic cognitive architectures. Blocks World
and similar simulations have been used by PRODIGY, Meta-AQUA, Soar,
ICARUS, GLAIR, and Disciple.

Some simulations provide other types of sensor readings. For example, a

simulated underwater vessel controlled by Clarion receives information from
sonar gauge, range gauge, fuel gauge, and bearing gauge to detect mines (Sun
and Peterson, 1998a) and a mobile robot used with the FORR architecture
relies on the simulated sonars to detect obstacles during navigation.
Fully processed data. In this case, all necessary information is provided in a
form easily digestible by the architecture, for example, as a problem statement
in Lisp or any other internal representation. It is often difficult to determine
what single sensory modality or the combination of several modalities the data
could have come from, therefore we categorize such cognitive architectures as
not implementing sensation and perception (Section 4.7).

4.3.3 Simplifying visual processing

A visual pipeline is often difficult to implement even for the simplest tasks due
to sensor quality issues, inherent noise in the data, unpredictability of the en-
vironment, and limited processing resources. To counteract these problems, it
is not uncommon to simplify visual processing with the following assumptions:

Uniform backgrounds and contrasting objects. Figure-ground segmen-
tation and object identification become significantly easier if objects and areas
lack textures or reflections, are uniformly colored, and are distinct. For exam-
ple, the visual module built for the ISAC robot assumes that the objects of
interest are light and placed against a dark surface. The face tracking system
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also expects the hair of the users to be darker than the background (Kawamura
et al., 1995). As the authors themselves admit, such conditions are restrictive
in practice, especially when the users are not aware of them. Even some recent
cognitive architectures, such as CERA-CRANIUM, expect objects to appear
against a dark background (Arrabales et al., 2011).

Uniformly colored objects. Color-coding objects is another common prac-
tice that greatly simplifies object segmentation, identification, and tracking. In
the ADAPT architecture, this approach is used to detect and track a red ball
rolling on a featureless white table (Benjamin et al., 2013). A BBD-controlled
robot likewise implements a very simple neural architecture for detecting and
following a bright yellow object moving in the scene (Chen et al., 2013). In a
more complex scenario, the robot controlled by DAC traverses a specially
built maze by identifying color blobs corresponding to different targets: a
yellow home location, blue and red blocks representing resources, and green
landmarks (Maffei et al., 2015). Since human skin tone has a well-defined
range and is unique among many other objects, tracking skin-colored blobs is
a common solution for detecting people or their faces (e.g. 3T, Wang, 1995b;
Kismet, Aryananda, 2001). However, skin detection techniques (and other
color-based methods) may still be susceptible to illumination, clutter, and
individual factors (Kakumanu et al., 2007).

Fiducial markers. Tagging objects with fiducial markers is a common way of
making visual processing more robust, even in cluttered environments. Fiducial
markers for computer vision are quick response (QR) codes represented as 2D
binary patterns on a white background. These markers are designed for fast
identification and can carry information about the location, orientation, and
properties of the objects associated with them. Fiducials are easy to use as they
can be generated using one of many off-the-shelf libraries, printed on a piece
of paper, and attached to objects in the scene or rendered in simulation. As
such, they are quite common. For example, MECA relies on fiducials to identify
objects on the factory floor (Gudwin et al., 2020a), CORTEX uses them to
localize itself in space (Romero-Garcés et al., 2015b), and Soar extracts object
predicates from them (Mininger and Laird, 2016). Markers can also be used to
identify people: an ACT-R model of infant gaze following relies on tracking the
head of the user with a QR code (Trafton et al., 2009) and CARACaS uses
markers to identify the astronauts and their locations in a simulated space
mission scenario (Huntsberger, 2011a).

Top-down view. An overhead view, in addition to egocentric perspective,
helps simplify problems related to 3D vision and navigation. This approach has
been used in many architectures for a variety of tasks: TCA for finding objects
in the room (Simmons, 1989), BECCA—to aid in grasping (Rohrer, 2007b),
DUAL—for localizing the robot in the environment (Kokinov et al., 2008),
FORR—to find other agents (Epstein et al., 2012), and Soar—to manipulate
objects on the table (Laird and Mohan, 2014).

Additional sensors. Additional non-vision sensors can make visual process-
ing more robust or even replace it altogether. For example, to more reliably
detect static and moving objects around the robot, a camera can be augmented
with infrared sensors, as is done in IMA (Rogers and Wilkes, 2000) and
3T (Kortenkamp et al., 1998). Similarly, range sensors provide an attractive
alternative for tasks like autonomous navigation, where speed and quality of
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the output are key. Thus, in the RCS-based autonomous vehicle, slow and
costly stereo vision was replaced by LiDAR to perform early detection of
drivable surfaces (Coombs et al., 2000).

Rigid geometry and distinctive features. This assumption is particularly
important for object detectors, which often rely on keypoints (e.g. SIFT).
Curved, non-rigid, and featureless objects/areas are much harder to identify,
as was demonstrated in experiments with DIARC (Scheutz et al., 2007).
Good lighting conditions. The majority of the studies and demos found
in the literature are conducted in good lighting conditions. Due to sensor
noise and lack of training data, low light conditions often lead to poor results
and require additional heuristics to make the output of the visual processing
module usable for downstream modules. For example, face detection in low
light conditions implemented for SS-RICS suffered from a high number of
false positives. Thus, an additional template matching step was added to filter
them out (Kelley et al., 2011).

4.4 Somatosensation, touch, and vestibular sense

There are several sensory modalities responsible for the sense of one’s body;
proprioception and balance keep track of the body parts, while touch and pain
provide information about physical contact with external objects.

Most cognitive architectures, especially those embodied in hardware, imple-
ment proprioception, making it the second most common sensory modality af-
ter vision. Proprioception, or sensing the state of the body and its motion, has
many uses, primarily in moving the actuators, navigation, and self-localization
in the environment, while touch is necessary for grasping and manipulating
objects. These senses play a role in social interactions as well, e.g. by helping
position oneself appropriately in relation to others, for directing attention of
others, and affective communication. In living organisms, information on skin
deformation and the movements of extremities these senses are transmitted to
the brain by a network of mechanoreceptors within skin, muscles, and joints.
In artificial systems, a number of physical and virtual sensors are used to
provide similar functionality: Global Positioning System (GPS) and compass
for location and direction of motion, force sensors, and joint feedback for fine-
grained information on the position and movement of joints, and whiskers or
touch-sensitive bumpers for detecting contact with objects or surfaces.

Sensing pain, or nociception, is also part of somatosensation. This vital
ability that nearly all biological organisms possess helps respond to physical
damage and avoid further injury. While there is no organ responsible for
pain in humans, the sensation of pain can result from specialized transducers,
processing in the areas of the brain responsible for affective activities, or both
(Loeser and Melzack, 1999).

Despite the importance of physical pain or discomfort for self-preservation,
only a few architectures explicitly include a corresponding sense. Dedicated
sensors for pain are particularly rare, with HCA as the only example, where
specialized sensors detect hard contact or mechanical damage and emulate
experiencing pain by disrupting attention to the current task (Haikonen, 2007).

Alternatively, other sensory modalities can be used to mimic pain. In
robotic architectures, somatosensation plays a large role in protecting the
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system from damage: joint feedback is important for checking whether the
planned motor action is within a safe range of motion and touch-sensitive
bumpers automatically stop the robot after hitting an obstacle. Perceptual
signals can also be interpreted as nociception within the motivational sys-
tem. In Kismet, high-intensity perceptual signals cause discomfort and elicit
protective responses; the robot closes its eyes and rotates ears in response
to bright light and loud sounds, respectively (Breazeal, 1998b). The MDB
architecture interprets specific auditory signals given by the human teacher
as pain or pleasure to be used during learning as reinforcement (Bellas et
al., 2006). In RCS, pain is part of the value judgment module that evaluates
and attaches a corresponding label to the perceived objects and events (Albus,
1996). Similarly, in the LIDA architecture, pain is managed by the motivational
system which assigns the corresponding somatic markers to percepts in the
early stages of sensory processing (Franklin and Ramamurthy, 2006). In both
cases, pain can bias perception and subsequent actions. The integration of
pain in the emotional system has also been proposed for Soar (Henninger et
al., 2002) and ACT-R (Cochran et al., 2006).

Unlike touch, proprioception, and pain, vestibular sense is hard to describe
or localize, but it provides essential information, such as direction of gravity,
tilt, and acceleration of the body/head, that are needed for spatial cogni-
tion, perception of self-motion, and maintaining balance (Day and Fitzpatrick,
2005). These functions are not investigated in cognitive architectures we re-
viewed because nearly all of them are interfaced with non-humanoid bodies or
do not possess a body at all. The only two instances where vestibular sense was
considered are Cog (Brooks et al., 1999) and its successor Kismet (Breazeal,
2003b), both implementing vestibular-ocular reflex (VOR) and opto-kinetic
response (OKR). The main purpose of VOR is to stabilize eyes during head
motion. In Cog and Kismet, feedback from the 3 degree-of-freedom inertial
sensor representing head movement is used to move the eyes in the opposite
direction to maintain steady gaze. OKR supports VOR during slow head
motions by generating eye movement in the direction of visual motion. In Cog
and Kismet, OKR is simulated by measuring the optical flow of the background
(visual slip) to calculate visual displacement and compensate for it.

4.5 Audition

Audition is another common modality, whose purpose is primarily to let human
users interact with or guide the intelligent system using sounds or spoken
commands. As such, the auditory modality is not deeply integrated with other
elements of the perceptual system and is often implemented using off-the-shelf
software for speech-to-text translation. Some examples are: greeting human
users showcased with ISAC robot (Peters et al., 2001b), receiving directions
to aid in object identification demonstrated using Polyscheme (Trafton et al.,
2005), scripted interactions between a salesman robot controlled by CORTEX
and human customers (Romero-Garcés et al., 2015b), and ordering books from
the public library by phone with FORR (Epstein et al., 2011).

Most cognitive architectures focus on the linguistic and semantic infor-
mation carried by the speech and only a few consider its other properties,
such as loudness, speech rate, and intonation. These aspects of speech are
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particularly important for social interactions and have been effectively used
in several projects. For instance, Kismet robot categorises utterances as ap-
proving, prohibiting, or soothing based on the prosodic contours of the speech
without any natural language processing (Breazeal and Aryananda, 2002).
The Ymir architecture combines a prosody analyzer with a grammar-based
speech recognizer with a limited vocabulary of a hundred words, for more
natural turn-taking during conversation (Thérisson, 1999). The BBD robots
can orient themselves toward the source of a specific auditory cue (Seth et
al., 2004b) and MBD learns to associate the meaning of musical notes given
as commands by the instructor (Bellas et al., 2006).

Among the few architectures that model auditory perception are ART,
ACT-R, ARCADIA, SPA, and EPIC. For example, two instances of ART,
ARTWORD and ARTSTREAM, were used for studying phonemic integra-
tion (Grossberg and Myers, 2000) and source segregation, also known as the
cocktail party problem (Grossberg et al., 2004), respectively. A model of music
interpretation was developed with ACT-R (Chikhaoui et al., 2009).

4.6 Olfaction and gustation

Both olfaction and gustation are important for ingestive behaviors, for exam-
ple, perception of flavors, identifying whether food is suitable for consumption,
and modulation of appetite (Stevenson, 2010). Smells have associated social
aspects as well: the presence or lack of odor correlate with cleanliness, and fra-
grances signal social status or induce an emotional response. However, because
foraging and social behaviors are rarely modeled in cognitive architectures,
only a handful of them possess the ability to smell and taste.

Two architectures, GLAIR and MBCA, simulated the sense of smell. In the
case of GLAIR, smell is one of the numeric parameters provided to the agent
by the simulation to signal the proximity of danger (Shapiro and Kandefer,
2005). MBCA utilizes smell in a search-and-rescue scenario, where the scent
of deodorant helps detect a hiker lost in the woods (Schneider, 2019).

Several architectures make use of physical sensors. DAC architecture sup-
ports chemosensors in a synthetic ant model that uses the sense of smell to
locate the feeder and navigate toward it (Mathews et al., 2009). In BBD, the
sense of taste is implemented via conductivity of the material that the robot
touches when exploring the environment (high and low conductivity are as-
sumed to be good and bad taste, respectively). Through operant conditioning,
the robot gradually learns to associate certain visual features with taste, much
like living organisms (Edelman, 2007). The water recovery system operated by
3T presents yet another version of gustation. Here, the sensors help identify
the quality of the purified water for the crew(Bonasso, 2001).

4.7 Other input types

There is a large group of architectures that do not implement sensation or
perception as such. These architectures instead receive input that represents
the result of both processing stages and may represent more than one sensory
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modality. The input may be in the form of text commands, a binary stream
of data, or via graphical user interfaces (GUI).

Text input is typical for the architectures performing planning and logical
inference tasks (e.g. NARS, Wang, 2013; OSCAR, Pollock, 1993; Disciple).
Text commands are often written in terms of primitive predicates used in the
architecture, therefore no natural language understanding is required.

Data input in the form of binary or floating point arrays is primarily used
for the categorization and classification applications and may represent raw
sensor data or features extracted from it (e.g. ART; Carpenter et al., 1991).

GUI are mainly used in human performance research to simplify the input
of the expert knowledge and to allow multiple runs of the software with
different parameters (e.g. IMPRINT, Mitchell, 2009; MAMID, Hudlicka et
al., 2000; OMAR, Deutsch and Cramer, 1998).

4.8 Multimodal perception

So far, we have considered each sensory modality in isolation, but, in reality,
the human brain receives a constant stream of information from different
senses and integrates it into a coherent world representation. Multiple sen-
sory modalities in biological and artificial systems improve the robustness of
perception through complementarity and redundancy. However, using many
sensors also introduces a number of challenges, such as incomplete, spurious, or
conflicting data coming from different sensors, combining data with different
properties (e.g. dimensionality or value ranges), the need for data alignment
and association, etc.

Nearly half of all cognitive architectures can receive and combine input
from more than two different types of sensors. This process is termed feature
integration in cognitive science (Zmigrod and Hommel, 2013) and sensor data
fusion in robotics (Khaleghi et al., 2013). Whether the sensors are part of
the same modality or two or more different modalities, there are two main
approaches to combining them:

Early integration. Data from various sensors is processed independently
and combined as soon as possible into a single coherent picture. A common
example we described earlier is an ego-sphere—a 3D map centered on the agent
that assigns egocentric coordinates to various objects and properties of the
environment based on the perceptual information from multiple sensors. This
information can be used directly for tasks, such as navigation (e.g. CARACaS,
Elkins et al., 2010; ATLANTIS, Gat, 1991a; RCS, Schlenoff et al., 2005).
Additional modalities can be mapped onto this representation. For example,
for the social robotics applications, audio information can be associated with
the objects identified in the ego-sphere. This can be helpful for orienting the
robot with respect to those interacting with it (IMA; Peters et al., 2001a).

One can also learn the association between the readings of different sensors
without an explicit egocentric representation. For example, DAC uses Heb-
bian learning to establish data alignment for mapping neural representations
of different sensory modalities to a common reference frame, mimicking the
function of the superior colliculus of the brain (Mathews et al., 2012). The
ARTMAP network integrates visual and ultrasonic sensory information via
neural fusion for mobile robot navigation (Martens et al., 1998a).
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Late integration. Instead of performing explicit data association and align-
ment, sensor data and feature extraction can be done independently and
concurrently. Then, extracted information is directly added to a temporary
memory storage (see Section 5.1.2). Any ambiguities and inconsistencies are
resolved later during decision-making and reasoning. This is a common ap-
proach in distributed architectures, where independent modules concurrently
work toward achieving a common goal (e.g. CERA-CRANIUM, Arrabales et
al., 2009d; Polyscheme, Cassimatis et al., 2004; RoboCog, Bustos et al., 2013;
Ymir, Thérisson, 1997; LIDA, Madl and Franklin, 2015).

All approaches mentioned so far rely on spatial and temporal proximity
and/or learning to combine and disambiguate multimodal data, largely ig-
noring cross-modal interaction. At the same time, many psychological and
neuroimaging experiments conducted in the past decades suggest that sensory
modalities mutually affect one another. A well-known McGurk effect discov-
ered by McGurk and MacDonald (1976) was one of the first demonstrations of
how vision alters auditory processing. Consequent studies showed that inter-
actions between sensory modalities are common and highly context dependent
(Shimojo and Shams, 2001).

The only elaborate model of biologically plausible multisensory integration
has been implemented in the BBD architecture. One of its instances, Darwin
X1, was constructed to investigate the integration of multisensory information
(from touch sensors, laser, camera, and magnetic compass) and the formation
of place activity in the hippocampus during maze navigation (Fleischer et
al., 2007). The neural network of Darwin XI consisted of approximately 80,000
neurons with 1.2 million synapses and simulates fifty neural areas. In a lesion
study, the robustness of the system was demonstrated by removing one or
several sensory inputs and remapping of the sensory neuronal units, which is
consistent with the numerous studies on cross-modal plasticity in humans and
other organisms (Shimojo and Shams, 2001).

4.9 Perceptual attention

Attention is one of the most studied aspects of human cognition, with thou-
sands of papers on this topic published to date. Attention permeates cognition
from perception to decision-making. However, it is not a monolithic structure,
but a large and diverse set of mechanisms distributed across perceptual and
cognitive processing pipeline, as ample evidence from psychology and neuro-
science suggests (Tsotsos, 2011).

4.9.1 \Visual attention

Just as vision is the most studied sensory modality, visual attention is the
most researched and implemented form of attention. According to the com-
prehensive taxonomy proposed by Tsotsos (2011), attentional mechanisms can
be grouped into three types of information reduction: selection, restriction,
and suppression. In short, selection and restriction mechanisms reduce the
search space by choosing relevant elements from many present. Suppression
mechanisms work in the other direction and inhibit irrelevant elements.
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Selection

Selective attention mechanisms help choose what to focus on. It is the most
common type of visual attention and one with many existing implementations.
The following mechanisms are typically considered selective:

World model. A world model defines the objects and events of which the
agent is aware. Some sort of world model is included by default in virtually
any cognitive architecture, even those with minimalist perceptual systems.

Feature/region/object/event of interest. Human attention is a serial pro-
cess that moves from one object or area in the scene to another, depending on
the task and surroundings. The selection of visual areas to attend to can be
data-driven (also known as bottom-up) or task-driven (top-down).

The bottom-up attentional mechanisms identify salient regions whose vi-
sual features are distinct from the surrounding image features, usually along a
combination of dimensions, such as color channels, edges, motion, rarity, etc.
There are a number of bottom-up visual saliency algorithms that define which
areas in the visual scene are more likely to attract attention. Implementations
of these algorithms can be found in several cognitive architectures: e.g. Guided
Search (Wolfe, 1994) is part of vision modules of ACT-R (Nyamsuren and
Taatgen, 2013b) and Kismet (Breazeal and Scassellati, 1999), the Itti-Koch-
Niebur saliency model (Itti et al., 1998) is used in ARCADIA (Bridewell and
Bello, 2015) and DAC (Mathews et al., 2012), and model of attention based
on information maximization (AIM; Bruce and Tsotsos, 2005) is part of the
early implementation of STAR (Kotseruba, 2016).

Top-down selection can further limit sensory data provided by the bottom-
up processing. For example, in visual search, knowing desired features of the
object, such as its color, can help reduce the number of candidates provided by
the data-driven figure-ground segmentation. Many architectures resort to this
mechanism to improve search efficiency (ACT-R, Salvucci, 2000; ARCADIA,
Bello et al., 2016; CERA-CRANIUM, Arrabales et al., 2009d; DAC, Mathews
et al., 2012). Another option is to use a hard-coded or learned heuristics.
For example, CHREST looks at typical positions on a chess board (Lane et
al., 2008) and MIDAS replicates common eye scan patterns of pilots (Gore et
al., 2009). The limitation of the current top-down approaches is that they can
direct vision for only a limited set of predefined visual tasks, however, ongoing
research in STAR aims to address this problem (Kotseruba, 2016; Rosenfeld
et al., 2018; Tsotsos et al., 2018).

Viewpoint /gaze selection. These two mechanisms perform complementary
functions: gaze control brings a portion of the environment into the central
view of the camera, and viewpoint selection helps get more information about
the region/object by moving closer to it or by viewing it from a different
angle. Both are needed for visual exploration, but only viewpoint selection
is common. Since the majority of cognitive architectures use visual sensors
with limited FOV, they automatically support viewpoint selection because
the sensor has to be moved to capture the relevant parts of the environment.

Eye movements that occur within the viewpoint and are independent of the
body movement are more difficult to achieve. One needs to implement foveal
and peripheral vision, either programmatically or physically. Programmatic
methods include the application of anisotropic blur (as in STAR; Kotseruba,
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2016,Wloka et al., 2018) or selective processing of the image (CERA-CRA-
NIUM; Arrabales et al., 2009d). In simulated environments where no image
data is available, one can artificially limit the amount of information to sim-
ulate differences in foveal and peripheral perception. This is done in EPIC
(Kieras and Meyer, 1996), ACT-R (Nyamsuren and Taatgen, 2013a), and
MIDAS (Tyler et al., 1998). The physically foveated systems use pairs of
cameras with different fields of view and resolution, as discussed earlier in
Section 4.3.1.

Restriction

Restriction mechanisms reduce the visual processing complexity by limiting
the search space to certain features (priming), events (exogenous cues), areas
(visual field), objects (exogenous task), and knowledge (endogenous motiva-
tions). The exogenous task and endogenous motivations are implemented in
virtually all architectures by default as task instructions and domain knowl-
edge, respectively. Attention can also be modulated by internal signals, such
as motivation or emotions (discussed in Chapter 7).

A limited visual field is a feature of any physically embodied system, since
most cameras do not have a 360° FOV. This feature is also present in some
simulated vision systems. The ability to react to sudden events (exogenous
cues), such as fast movement or bright color, is common in the social robotics
applications (e.g. ISAC, Kawamura et al., 2004; Kismet, Breazeal et al., 2000).

Priming is another mechanism that allows biasing the visual system toward
particular types of stimuli via specific task instruction. For example, human de-
tection can be improved by assigning more weight to the skin-colored features
during the saliency computation (Kismet; Breazeal et al., 2001). One can also
use the knowledge of the probable location of some objects to spatially bias
their detection (STAR; Kotseruba, 2016, Rosenfeld et al., 2018). Numerous
ART models implement top-down priming and demonstrate its advantages in
visual tasks and learning (Carpenter and Grossberg, 1987b).

Suppression

Suppression is complementary to selection and restriction mechanisms, as it
acts to improve signal-to-noise within a receptive field by inhibiting elements
that are not relevant to the task. Its impact is multiplied when implemented
hierarchically. The selected stimulus then becomes the focus of attention and
the rest is treated as noise.

Some of the most common such mechanisms are surround inhibition (tem-
porary suppression of features around the attended object), inhibition of re-
turn (IOR)(temporarily prevents returning attention to previously focused
locations or stimuli), and suppression of task-irrelevant stimuli.

Despite the large role that suppression plays in biological systems, only a
handful of the architectures implement suppression mechanisms. For instance,
the suppression of task-irrelevant visual information is done in only three archi-
tectures: in BECCA, irrelevant features are suppressed through the winner-
take-all (WTA) mechanisms (Rohrer, 2011) and in ARCADIA non-central
regions of the visual field are inhibited at each cycle since the cue always
appears in the center (Bridewell and Bello, 2015). IOR is another suppression
mechanism, which prevents the visual system from repeatedly attending to the
same salient stimuli. In ACT-R, this mechanism is tied to the activation values
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and distance, which are used to ignore the objects for consecutive “where”
requests (Nyamsuren and Taatgen, 2013b). In ART and STAR, an additional
map is used to keep records of the attended locations. ARCADIA also has
a covert inhibition mechanism, however, its implementation details are not
provided (Bridewell and Bello, 2015). IOR is also part of saliency algorithms
mentioned earlier, thus architectures using these solutions include it as well.

Overall, visual attention is largely overlooked in cognitive architectures
research except for the architectures that study attention (e.g. ART, ARCA-
DIA, STAR). This is surprising because strong theoretical arguments for the
importance of attention in dealing with the computational complexity of visual
processing have been known for decades (Tsotsos, 1990).

Most often, attention mechanisms found in cognitive architectures are side
effects of other design decisions. For example, task constraints, world model,
and domain knowledge are implemented by default because they are needed
for functioning of other aspects of the architecture. Limited visual field and
viewpoint changes likewise often result automatically from physical embod-
iment. Otherwise, the only common mechanisms intentionally included for
optimizing visual processing are region of interest selection and visual reaction
to exogenous cues.

4.9.2 Auditory and other types of attention

Only a few architectures include attentional modulation for audition, but not
other sensory modalities. Rudimentary mechanisms of auditory attention are
implemented in OMAR (Deutsch et al., 2014) and MIDAS (Gore et al., 2009),
where attending to an auditory stream is required for its comprehension. More
advanced models of selective auditory attention are implemented in EPIC
(Kieras et al., 2016) and ARCADIA (Gever et al., 2020). Both were used to
investigate the “cocktail party problem.” The setup, first described in (Cherry,
1953), describes a problem of identifying speech from one person among other
conversations happening simultaneously and in close proximity.

In the cognitive and psychological literature, attention is used as a broad
term for the allocation of limited resources (Rosenbloom et al., 2015b). For
instance, in the Global Workspace Theory (GWT; Baars, 1988) attentional
mechanisms are central to perception, cognition, and action. According to
GWT, the nervous system is organized as multiple specialized processes run-
ning in parallel. Coalitions of these processes compete for attention in the
global workspace, and the contents of the winning coalition are broadcast to
all other processes. For instance, the LIDA architecture is an implementa-
tion of GWT? (Franklin et al., 2012). Other architectures influenced by the
GWT include ARCADIA (Bridewell and Bello, 2015) and CERA-CRANIUM
(Arrabales et al., 2009c).

Along the same lines, attention is often found in the architectures that
simulate cognition as a set of autonomous processes (similar to Minsky’s (1988)
Society of Mind). Attention values for each process may be assigned directly
or learned from experience, vary dynamically, and affect action selection and
resource allocation. This idea is implemented in COGNET (Zachary et al.,

2In GWT, focus of attention is associated with consciousness, however, we do not discuss this
topic in the book.
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2000), DUAL (Kiryazov et al., 2006), and Copycat/Metacat (Mitchell and
Hofstadter, 1990) in which multiple processes compete for attention. Other
computational mechanisms are also possible: in Polyscheme a simple queue

is used (Cassimatis et al., 2009), attractor networks in CogPrime (Ikle and
Goertzel, 2011), and modulators in MicroPsi (Bach, 2015).

4.10 Summary

Most cognitive architectures do not represent human sensory experience and
perception on a deep level. None of the systems implement all basic senses
available to humans, even in the simplest form.

There is a large gap in how sensation and perception are approached in the
architectures and modern views on this topic. Sensory processing in both
older and more recent cognitive architectures remains vision-centric, despite
accumulated evidence in favor of multisensory experience.

Technical characteristics of the sensors used for individual modalities are
often not available or do not represent what human senses can provide,
even for the recent cognitive architectures. The use of sensors that either
surpass or are inferior to human abilities is problematic since it compromises
cognitive architectures with respect to their goals.

Inclusion of a particular sense is dictated primarily by its function, i.e. a
way of delivering the input to the system in a form sufficient for performing
useful tasks and little else.

Even though technically proprioception is the second-largest implemented
modality, its role often is rather rudimentary and utilitarian, as a way to
prevent damage to the equipment or aid in visual tasks.

Multimodal perception is not very much studied. Although many robotic
systems perform sensory fusion, its primary purpose is to increase robustness
by pairing sensors with complementary properties.

Attention permeates all aspects of human perception, especially vision, but
is largely overlooked in cognitive architectures. In many cases, attentional
mechanisms are not biologically motivated and are side effects of other
design decisions necessary for functioning of other aspects of the intelligent
system (e.g. world model, domain knowledge, task constraints).






5 Memory

Broadly speaking, memory is the ability to preserve information and retrieve
it when needed. Anything can be remembered—{facts, objects, events, skills,
mental states, feelings, sensations, and more. Memory is integral to cognition
because it plays a role in all cognitive abilities; object permanence during
perception, keeping track of goals for decision-making, backtracking an argu-
ment when reasoning, and storing newly acquired knowledge are all enabled
by memory.

Given its importance, memory is the only cognitive ability that all ar-
chitectures possess. However, despite functional similarities, specific imple-
mentations of memory systems differ significantly depending on the research
goals, theoretical underpinnings, and constraints—be they biological (e.g. neu-
ral plausibility) or engineering (e.g. limitations of programming language or
software architecture). This chapter examines several key aspects of memory.

Section 5.1 is dedicated to memory types grouped by persistence, such as
ultra-short-term (sensory), short-term (STM), and long-term memory (LTM).
The central role of working memory (WM), its functions, properties, and
dominant theories of how it operates are emphasized.

Section 5.2 discusses memory types categorized by contents. Here, the main
distinction is made between declarative and non-declarative memory stores,
which are widely accepted in the psychological literature and supported by
the majority of cognitive architectures.

Section 5.3 argues for forgetting as a necessary function of memory rather
than a failure to retain information.

5.1 Memory types by persistence

Hebb (1949) was the first to propose dividing memory into transient and
long-term stores and describe the underlying neural mechanisms. However,
the theory that gained widespread acceptance was Atkinson and Shiffrin’s
(1968) three-store model with the following components:

e Ultra-short-term memory—memory with the shortest span, also known as
the sensory register, retains sensory information for <1 s;

e Short-term memory (STM) —temporary memory storage that retains in-
formation for up to 30 s and has limited capacity;

e Long-term memory (LTM)—the most persistent and the largest memory
store, with potentially lifetime retention and unlimited capacity.

In this model, each of the memory systems plays a specific role in informa-
tion processing. The sequence of processing starts from the sensory system,
proceeds to the ultra-short-term sensory register,
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into LTM. However, not all incoming sensory information arrives at LTM, as
some may be lost at any stage.

The popularity of this model is partly due to its suitability for computa-
tional modeling since there is an apparent resemblance between three memory
systems and parts of computer memory: sensory register, STM, and LTM
map to computer registers, RAM, and hard drive, respectively (Mueller and
Mueller, 1995). Many cognitive architectures also implement persistence-based
separation of memory, although not always explicitly based on the Atkinson-
Shiffrin model. In the remainder of this section, we will look into each of the
three types of memory in more detail.

5.1.1 Sensory memory

Ultra-short-term or sensory memory makes sensory information available for
a brief period after it no longer exists in the physical world (e.g. sound) or
is no longer being sensed, primarily to enable sensory persistence. According
to Cowan (2008), the first demonstration of this phenomenon and estimate of
the duration of visual sensory memory (also known as iconic memory) dates
back to 1740 experiments by the German physicist Johann Segner. He set up
a dark room with a cartwheel to which a glowing coal chunk was attached.
By rotating the cartwheel at increasing speeds, Segner determined that the
observer could perceive a full circle when the wheel completed a rotation in
100 ms, suggesting this time as the limit of iconic memory. Sperling (1960)
later used a tachistoscope (a device for timed exposure to stimuli) to more
precisely measure the range of iconic memory at 250-1,000 ms. Similar buffers
have been discovered for other sensory modalities as well; for example, echoic
(auditory) memory, crucial for speech processing, persists from 2 to 5 s (Lu
et al., 1992) and haptic memory which helps retain information about the
recently picked up object for up to 2 s (Shih et al., 2009). Besides the ultra-
short persistence, the following properties have been established for sensory
memory (Werning and Cheng, 2017):

Specialized memory stores are not shared across sensory modalities;
The contents are composed of only external stimuli;

There is little to no processing of the sensory data;

Rates of memory decay vary depending on the sensory modality.

Several architectures implement sensory memory, but only a few elaborate
on its structure and workings, and even fewer validate its properties and perfor-
mance. The architectures, such as EPIC, LIDA, CogPrime, and RCS, support
separate sensory memories. Of these, only the EPIC implementation closely
followed psychological literature on defining the structure and functioning of
its iconic and echoic sensory stores (Kieras et al., 1997). In EPIC, sensory
information is retained for 200 ms after the stimulus disappears, however,
within that time, different delays may be assigned to different properties of
objects or sounds. There is no limit to the amount of information that can
be held (Kieras and Meyer, 1996). EPIC’s visual system has been validated
against human data on a visual search task (Kieras and Hornof, 2014).

Several other architectures, such as Sigma, DIARC, ICARUS, ARCADIA,
LIDA, and CogPrime, have perceptual buffers as well, but there is limited in-
formation on their contents, persistence, or capacity limits. LIDA, for example,



Memory types by persistence | 91

is described as having separate stores for sensory modalities (iconic, echoic,
and haptic), and an additional store for integrating multimodal information
(Franklin and Baars, 2010). ICARUS implements a perceptual buffer for hold-
ing descriptions of physical entities obtained from virtual sensors. This buffer
updates on every cognitive cycle (Langley et al., 2005b). In ARCADIA, iconic
memory overlaps in functionality with STM, as it not only holds consecutive
frames from the camera but also performs segmentation to detect regions,
their colors, and retinotopic locations (Bridewell and Bello, 2015).

Since sensory memory largely depends on external stimuli, it may be con-
sidered part of the perceptual system rather than memory. For example, some
vision pipelines described in the previous chapter have dedicated buffers for
storing sequences of images or other types of data from sensors. The main
purpose of these buffers is motion detection through frame differencing or
optical flow computation (e.g. in TCA, Kismet, and 3T). In most architectures,
perceptual processing is also tightly linked with STM or working memory,
which will be discussed next.

5.1.2 Working memory

The literature on WM is colossal. While there is an agreement that the purpose
of WM is to temporarily hold and process information during task execution,
the structure, contents, principles of operation, and interactions between WM
and the rest of human memory system are still being debated (Chai et al.,
2018). The same can be said about WM (or structures equivalent to it) in
cognitive architectures. In this section, we will discuss the commonalities and
differences in WM functions and implementations across many architectures,
psychological motivation of computational models, and their validation against
human data.

Working memory vs. short-term memory

Two common terms for temporary data store are STM and WM. Although two
concepts are closely related and often used interchangeably, they are not the
same; it is generally assumed that STM merely holds the information, while
WM performs processing (Baddeley, 2012). However, according to the classic
volume on memory by Priti and Miyake (1997) and later review by Aben et al.
(2012), empirical evidence from psychology and neurobiology does not draw
a strict boundary between the two, leaving room for multiple hypothetical
models of their interaction. For instance, Aben et al. (2012) list seven plausible
configurations of STM and WM, ranging from completely separate to fully
overlapping, with several intermediary variants, where STM and WM interact
or overlap only partially.

Given this ambiguity, it should not come as a surprise that there is no
standard way of implementing STM and WM across cognitive architectures
either. We will start our discussion by examining what types of temporary
memory are available in different architectures and, if there is more than one,
how they are related. Depending on how the terms “STM” and “WM?” are
used in the publications, we can identify five groups:

Neither term is used. A number of architectures are not described as hav-
ing “short-term memory” or “working memory,” but include structures that
play similar roles. For example, blackboard-like architectures (e.g. PRS, FORR,
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and Ymir) fall in this category because the blackboard maintains information
relevant to the current task or long-term goals, effectively serving some func-
tion of both short-term and working memories. 3T uses the term “perceptual
memory” that temporarily holds task-related objects located in the physical
proximity of the agent (Wasson et al., 1999). Memory in NARS likewise
stores knowledge temporarily and serves as a workspace for processing (Wang,
1995a), but is not referred to as STM or WM (Wang, 2012).

No “WM,” only “STM.” Only two architectures do not mention WM at
all. In RCS, STM holds attended entities, pointers to related items, and recent
events but does little processing. Functions of WM are performed by the world
model (which includes STM) (Albus et al., 2002). In HCA, STM likewise
stores percepts and the task-relevant information, but it is unclear what if any
processing is performed (Haikonen, 2007).

No “STM,” only “WM.” Cognitive architectures, such as APEX, ADAPT,
BB1, BECCA, CERA-CRANIUM, CogPrime, Companion, CORTEX, MA-
MID, MBCA, MECA, SAL, SASE, Sigma, and SPA, implement only one
memory component that maintains and processes task-relevant information.
“STM?” # “WM.” Several architectures, including ART, MIDAS, BBD, IMA,
DAC, SHRUTI, MDB, ARCADIA, and STAR, implement two temporary
memories with different functionalities: one called STM is used to accumulate
information, whereas processing occurs in WM.

“STM” == “WM?”. In the remaining architectures, “working memory” ap-
pears more frequently, but both terms are used interchangeably and considered
the same.

In summary, some cognitive architectures do not use psychological terms for
transient memory but have structures that temporarily store and manipulate
task-relevant information. Those architectures that explicitly use the terms
“working memory” or “short-term memory” generally consider both equivalent
to one another and to WM as defined in the psychological literature. For
consistency, we will adopt this convention and refer to temporary memory
stores collectively as WM for the remainder of the section.

Overview of working memory

The purpose of WM is to maintain information that may no longer be accessi-
ble from the world, but is relevant to the goal(s) or task(s) being performed. As
such, WM is central to human cognition, because it connects perception with
the decision-making and reasoning abilities. In most cognitive architectures,
WM (or components playing its role) is centrally positioned and well connected
to other modules. Figure 5.1 schematically shows connections between WM,
perception, LTM, decision-making, and attention. Below, we briefly describe
the interactions between the components along the arrows:

Perception < working memory: entities identified through perception are
transferred to WM; in the opposite direction, contents of the WM can be used
to influence perception.

Working memory < long-term memory: information within WM serves
as a cue for retrieving information from LTM that may be relevant for the
current task or goal. Conversely, items from WM may move to LTM under
certain conditions.
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Fig. 5.1 A schematic diagram of the relationship among perception, working memory, long-term memory,
and decision-making. The attention mechanisms (shown as a gray box) are involved along the arrows.

Decision-making <> perception: actions may involve changes to the sen-
sors (e.g. turning the camera or moving in space), affecting what parts of the
environment can be perceived. In reverse, certain stimuli can trigger immedi-
ate reflexive actions (e.g. avoiding imminent collision indicated by proximity
Sensors).

Working memory <> decision-making: the current goal/task determines
what items will reside in WM; however, if the available information is not
sufficient, additional goals may be created as a result.

Attention is integral to the interactions between the components of a me-
mory system (Kiyonaga and Egner, 2013). In fact, attention and WM are so
closely related that WM can be considered an attention system in its own right
(Oberauer, 2019). Specifically, perceptual attention, discussed in Section 4.9,
affects which percepts enter WM: bottom-up attention automatically selects
percepts based on their saliency and top-down attention prioritizes certain
items over others based on their relevance to the task. WM, in turn, affects
attention and perception, regardless of relevance of memory contents to the
task. A reciprocal relationship between WM and attention exists also for non-
perceptual elements, such as concepts, goals, and actions (Oberauer, 2019). For
example, attentional selection is involved in retrieval from LTM, choosing a
response from available alternatives, and task-switching. By doing so, attention
helps maintain focus on the current task and goal while avoiding irrelevant
objectives. At the same time, attention can be subject to automatic capture
by failures and distractors.

Models of working memory

Numerous theories of the WM mechanisms exist in the psychological literature,
but only three models were particularly influential in the cognitive architecture
domain: Baddeley’s model (Baddeley and Hitch, 1974; Baddeley, 1986), the
blackboard model (Hayes-Roth and Collinot, 1994), and long-term working
memory (LT-WM; Ericsson and Kintsch, 1995). An illustration of which ar-
chitectures implement which model is given in Figure 5.2.

Baddeley’s model. The model of WM proposed by Baddeley and Hitch
(1974) remains one of the most dominant, despite being nearly half a century
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Fig. 5.2 Working memory implementations across architectures divided into the following categories:
“N/A"—do not use the term or do not provide enough details regarding working memory implementation
and theory, “Baddeley WM"—based on or compatible with the psychological model by Baddeley et
al., “LT-'WM"—implement or compatible with the long-term working memory model by Ericsson &
Kintsch, “blackboard/GWT "—implement or compatible with the blackboard or Global Workspace Theory,
“other"—implementations not directly related to the existing psychological models and to one another.

old. It extended an earlier Atkinson and Shiffrin (1968) memory model with
more elaborate STM components to address experimental results related to
verbal reasoning, comprehension, and free recall (repeating items presented
earlier in any order). The following components were added: a phonological
loop for maintaining auditory information through rehearsal and a visuospatial
sketchpad for holding visual and spatial information. The third component, a
central executive, was introduced to control what went into each independent
memory store and to coordinate their processing. Due to the more active role
of the central executive, the phonological loop and visuospatial sketchpad are
sometimes referred to as “slave” subsystems. In the subsequent major revision,
Baddeley (1986) reformulated the central executive based on Norman and
Shallice’s (1986) attentional framework, which differentiated automatic actions
based on habits (schemata) and controlled deliberate actions that apply in
situations where habits do not exist or are not helpful.

The most recent major change to this model was the introduction of the
episodic buffer (Baddeley, 2000). It addressed the binding problem and chunk-
ing by combining the WM output with relevant content from LTM into episodes
and mediating their transfer to and from LTM. A detailed discussion of model
development, its explanatory power, and relationship to other theories can be
found in Baddeley (2012).

Many architectures have been inspired by Baddeley’s WM model or its
individual components. For example, MIDAS, EPIC, and IMA incorporate the
earliest version of the model with the phonological loop and the visuospatial
sketchpad. Clarion and ART model their WM on Baddeley (1986), and Sigma
has an episodic buffer inspired by Baddeley (2000). Although ACT-R does
not implement Baddeley’s model directly, it is generally compatible with it
(Anderson et al., 1996), particularly in the implementation of the articulatory
loop and emphasis on the time-based decay of WM elements (Anderson et
al., 1998). CHREST has a visuospatial sketchpad as described in (Baddeley,
1986) implemented as a time-limited store for items that were perceived or
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retrieved from LTM (Gobet, 2013). CHREST has also been augmented with
the decay-based phonological loop described in Baddeley and Hitch, 1974 but
without the rehearsal mechanism (Lloyd-Kelly et al., 2016). CAPS, on the
other hand, implements only the part of the central executive responsible for
language comprehension and does not include modality-specific buffers (Just
and Carpenter, 1992).

Leabra is perhaps the only architecture whose authors are critical of Bad-
deley’s theory. They model WM as an emergent property of neural networks
operating on distributed representations, thus making a step toward eliminat-
ing central executive, which they see as problematic (O’Reilly and Munakata,

2000, p. 218).

Blackboard. A large group of architectures implements a blackboard-style
WM. In the blackboard paradigm, multiple processes run in parallel and use
the blackboard as a shared repository for goals, problems, and partial results
(as described earlier in Section 2.2). An often invoked analogy for this style
of processing is a group of people completing a jigsaw puzzle. Although the
blackboard itself is not biologically plausible, it is similar in functionality to
WM in production systems (Pfleger and Hayes-Roth, 1997) and Baddeley’s
model (Hayes-Roth and Collinot, 1994).

Examples of architectures that adopted this approach, besides the BB1
that introduced it, include Ymir, Polyscheme, and Copycat. In Ymir, three
separate blackboards maintain communication between the processes for low-
level perception, control, and motor actions (Thérisson, 1999). In Polyscheme,
the focus of attention is modeled after the blackboard but with some dif-
ferences. Focus of attention itself is accessible by multiple modules, but is
very small and contains only the results of computations. Modules perform
most of the processing locally, without sharing with one another, and can
have arbitrarily large memories with arbitrary organization, unlike the original
blackboard systems, where the blackboard was the main memory of the system
(Cassimatis et al., 2009). In Copycat, the blackboard is called Workspace and
performs functions of STM and WM. Workspace maintains perceptual items as
well as relations between them and activations that accumulate as the solution
to the problem is being developed (Hofstadter and Mitchell, 1994).

Robotic architectures, such as CORTEX and PRS, use blackboards primar-
ily to enable real-time operation. CORTEX maintains all perceptual informa-
tion and intermediate results in a Deep State Representation (DSR)), which can
be read and modified by the processes working on a problem. Specialized data
types and asynchronous processing help maintain low latency and consistency
of the memory as multiple agents read and write to it (Bachiller et al., 2021).
PRS modifies the original blackboard control mechanism to ensure real-time
execution by adding a meta-monitoring function to interrupt processes that
take too long or rearrange the priority of tasks depending on the situation.

Baars’s (1983) Global Workspace Theory (GWT) is similar to the black-
board concept in that it views brain activity as a collection of specialized
processes interacting through transient storage called global workspace. While
the blackboard theory did not operate with cognitive terms, GW'T draws
parallels with consciousness and neural processes.

An implementation of GWT in IDA and its successor LIDA realizes many
of the functions of Baddeley’s model framed in terms of the GWT theory
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(Franklin et al., 2016). For instance, the slave systems are related to precon-
scious processing. Retrieval, repetition, and manipulation of items are a result
of the competition between multiple independent processors that affect the
activations of WM items. While the slave systems operate autonomously, they
are guided by the executive functions (in this case, goal hierarchies). Only a
single process can win at every cycle and broadcast its information to other
processes, raising the activation of the corresponding items in memory.
Although not as elaborate, similar processes are employed in other archi-
tectures inspired by GWT, such as ARCADIA (Bridewell and Bello, 2015),
MECA (Gudwin et al., 2018), and CERA-CRANIUM (Arrabales et al., 2009b).

Long-term working memory. LT-WM proposed by Ericsson and Kintsch
(1995) gained influence by explaining how mnemonic techniques can effectively
extend WM well beyond its typical capacity in common recall tasks. High
recall accuracy was attributed to domain-specific stable structures in LTM
and retrieval cues that kept these structures easily accessible in WM.

LT-WM is featured in CAPS, LIDA, COGNET, and LISA. In COGNET, it
is the core model of WM, while in all others it is combined with the Baddeley-
style WM. In LISA, LT-WM comprises the active subset of LTM, whereas
WM contains the elements currently attended to (Kubose et al., 2002). LIDA
likewise has a separate Baddeley-style memory (Franklin et al., 2013), which is
different from an active LT-WM-like memory. CAPS implements an LT-WM
model for the expert in digit span!, which is used as an existence proof of the
consistency of the capacity and the LT-WM theories (Just and Varma, 2002).

Although according to Baddeley’s (2012) own admission, his theory and LT-
WM are not contradictory, CHREST architecture presents a different view.
Specifically, Gobet (2000) highlights a number of weaknesses of LT-WM as a
verbal theory, including vague definitions for memory mechanisms, structures,
and parameters, and weak generalizability to other domains. To prove the
latter point, it is shown that LT-WM’s predictions are not accurate in the case
of recalling random meaningless chess positions, whereas the model based on
CHREST fits data from chess experts better.

Working memory capacity

The limited capacity of WM is perhaps its most known and most studied
property, following Miller’s (1956) discovery of the “magical” number of 7 + 2
chunks (or items of information) that an average person can hold in memory
for several seconds. Later findings have reduced this limit to 3-5 items (Cowan,
2001), which is also the limit set in the Baddeley and Hitch’s (1974) model.

Similar limits on WM exist in some architectures: CHREST and Clarion
limit the default WM capacity at 4 chunks, IMA uses between 2 and 9 chunks
depending on the task, and LISA sets memory capacity at 3 items. Others
impose only temporal limits such that WM contents are accumulated for a set
horizon from seconds to hours (PRS), tens of seconds (LISA), a few seconds
(SPA), or less than 1 s (SASE). ACT-R, CAPS, MAMID, MIDAS, and DUAL
limit capacity by the total allowed activation of all WM elements, which also
effectively controls their number.

IDigit span is a common psychological task that measures how well people can memorize and
repeat a sequence of numbers shown to them earlier. Variants of this task measure capacity and
other aspects of WM (Conway et al., 2005).
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In the remaining architectures, WM is effectively unbounded but for differ-
ent reasons. For example, EPIC’s authors motivate this decision by not willing
to “hard-wire [...] collective ignorance,” instead opting for experimentation to
determine appropriate limits (Kieras, 2007). Others use implicit mechanisms
that curb the infinite growth of WM contents by discarding or replacing the
items based on use and recency. For example, 3T removes information not
necessary for the current task, whereas in ARCADIA, BECCA, Copycat, and
EPIC, WM elements gradually decay and eventually disappear if not used.

A more complex schema is implemented in Soar, where two types of per-
manence exist: elements created during operator application persist until they
decay or are explicitly removed, while other elements are removed as soon as
the production rule that instantiated them no longer matches WM (Nuxoll et
al., 2004).

Psychological and biological realism

Although most WM implementations are based on psychological theories, only
a small number of architectures can replicate psychological phenomena, and
even fewer model the underlying neural mechanisms. Given WM’s central role
in many cognitive abilities and the vast range of specific effects it influences,
there is minimal overlap across architectures in terms of tasks or functions of
WM they model.

This can be seen in Table 5.1 which lists architectures that replicated hu-
man experimental data for various WM phenomena. ART and CHREST focus
on the link between perception and WM, EPIC, Leabra, and SPA model the
effects of WM capacity on classic serial memory tasks, and LISA investigates
normal and impaired functioning of WM for analogical reasoning. Since the
contents of WM are not observable, indirect measures, such as reaction times or
error trends are used instead, although some architectures, such as ART, ACT-
R, CAPS, and SPA, draw parallels between the activity in certain modules
of the architecture and corresponding brain areas. As a result, it is difficult
to assess relative advantages and disadvantages of different representations, a
topic to which we will return in Chapter 10.

5.1.3 Long-term memory

LTM, as its name suggests, holds information for extended periods, potentially
throughout an agent’s lifetime. Historically, memory-related research in cog-
nitive architectures concerned mainly organization and representation, which
will be discussed next in Section 5.2. Relatively less attention has been paid
to managing large-scale memories, partly because most cognitive architectures
were only tested in simple domains and for limited amounts of time. However,
understanding the challenges of maintaining large memory systems is crucial
for matching human-like speed and accuracy of information retrieval in real-
world tasks.

To set a reference point for memory systems in cognitive architectures, we
will start with human memory. Most attempts to measure the size of human
memory focus on the number of known words. While results vary depending
on methodology, subjects, and units, recent studies suggest that adult English
speakers typically know about 40,000 lemmas (uninflected words) on average
(Brysbaert et al., 2016). In terms of storage, early estimates put memory
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Table 5.1 Psychological and neural working memory phenomena modeled in cognitive architectures.

Architecture Working memory phenomena
Individual differences in WM (Daily et al., 2001)
Effect of task complexity and WM span (Anderson et al., 1996)

ACT-R WM and asymmetric costs of switching between tasks (Schneider and Anderson, 2010)
Individual differences in WM and skill learning (Taatgen, 2020)
Neural correlates of WM (Rosenberg-Lee et al., 2009; Anderson et al., 2016)
ARCADIA  Cognitive load and WM (O’Neill et al., 2018)
WM for word perception (Grossberg and Myers, 2000; Grossberg, 2003)
WM for speech perception (Cohen and Grossberg, 1986)
ART Role of WM in sensory-motor planning (Grossberg and Merrill, 1992)
WM for 3D visual object recognition (Bradski et al., 1992; Carpenter and Grossberg, 1993)
WM for storing event sequences (Grossberg, 2007a)
Individual differences in WM tasks (Newman et al., 2003)
CAPS Model of LT-WM phenomena (Just and Varma, 2002)

Aphasic sentence comprehension explained by reduction in WM activation (Haarmann et al., 1997)

Effect of WM capacity on recall of chess positions (Smith et al., 2008)

WM capacity and recall of random chess positions (Gobet, 1998)

Impairment of WM by anxiety (Feldman and Kokinov, 2009)

DUAL Visual WM for stimulus-driven attention (Nestor and Kokinov, 2004)

WM for perceptual judgment (Kokinov et al., 2004)

Verbal WM for serial memory-span tasks replicating multiple effects (sequence length,

CHREST

EPIC articulation time, phonological difficulty and articulatory suppression) (Kieras et al., 1998)
Leabra Model of WM tested on a number of standard experiments (Hazy et al., 2006)

Model of n-back task (Chatham et al., 2011)

Analogical reasoning involving WM in patients with dementia (Morrison et al., 2004)
LISA Analogical reasoning in children (Morrison et al., 2006)

WM model for multi-modal dual task (motor and verbal) (Morrison et al., 2001)

Analogical performance in children with different cultural backgrounds (Doumas et al., 2010)

SPA Serial memory task within a large-scale neural model (Eliasmith et al., 2012)

capacity at approximately 200 MB (Landauer, 1986), however, it is likely many
orders of magnitude higher, as each of the trillions of synapses could potentially
store 4.7 bits of information (Bartol Jr et al., 2015). For comparison, WordNet,
the largest lexical database of words and semantic relations, contains 155,000
lemmas and requires 12 megabytes of storage in compressed form.?

Only several cognitive architectures have implemented large-scale memory.
For instance, CHREST reported an LTM of 300,000 chunks representing chess
patterns. From this large database, CHREST was able to retrieve specific
patterns in under 250 ms, matching human expert performance (Lane et al.,
2008). The narrow application domain of chess and similar board games likely
contributed to these results by making memory contents more homogeneous
and amenable to heuristics.

Another large model, TacAir-Soar, designed for a more complex aircraft
piloting task, included 5,200 rules, 450 operators, and additional 575 MB of
memory for storing the information about the environment and other agents
(Laird and Jones, 1999). Despite the seemingly small number of items stored
in the memory, significant optimizations were necessary to reduce latency
and computational costs to enable real-time concurrent operation of multi-
ple agents. These modifications included rewriting Soar in C from Lisp and
enhancing the rule-matching algorithm.

Existing large-scale knowledge bases like WordNet and Cyc have also been
explored as candidates for LTM but likewise required optimizations for fast
and accurate retrieval of items. Here, the algorithms devised for database
management and search have proved useful; Soar and ACT-R have been aug-
mented with open-source relational database software to load concepts and
relations from WordNet (Douglass et al., 2009). SPA holds the record for

2https://wordnet.princeton.edu/documentation/20-
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the largest biologically plausible model of associative memory, capable of
representing over 100,000 concepts in WordNet using a network of spiking
neurons (Crawford et al., 2016).

Following the recent proliferation of large language models, their future
potential as LTM components in cognitive architectures have been explored
in several proposals (Choi, 2023; Joshi and Ustun, 2023; Romero et al., 2023).
At the time of writing this chapter, there are no concrete results to discuss,
however, numerous concerns have already been raised in other contexts regard-
ing biological plausibility, reliability, and capabilities of generative models (see
Chapter 11).

5.2 Memory types by contents

That memory is not unitary and consists of multiple systems with different
properties has been established since at least the late 19th century (Squire,
2004). The dominant view in the early literature in philosophy (Ryle, 1945),
psychology (Bruner, 1969), and artificial intelligence (AI) (Winograd, 1975)
was that there is a dichotomy between “knowing what” and “knowing how.”
Experimental research in animals and patients with amnesia in 1960-1970s
deepened our understanding of different types of memory and learning, as well
as their physiological and neurological foundations. Building upon these find-
ings, Squire and Zola (1988) formulated a hierarchical organization of memory,
dividing it into two broad categories—declarative and non-declarative—each
with several subgroups.

5.2.1 Declarative vs. non-declarative memory

Declarative and non-declarative memories are separated based on contents and
properties. Declarative memory, also referred to as explicit memory, manages
information about facts and events that can be recalled and “declared” to oth-
ers. Non-declarative, or implicit, memory stores procedural knowledge (skills)
that can only be expressed by demonstration, such as riding a bicycle.

Although nearly all cognitive architectures recognize the distinction be-
tween declarative and non-declarative memory, implementations of memory
systems are very diverse. The choice of representation for memory is key
since it determines what information is available to the system, how it is
organized, and how it can be used. This, in turn, has effects on the design of
the architecture and its performance.

Common knowledge representations

Developing knowledge representations remains one of the fundamental prob-
lems of AI and cognitive science. Davis et al. (1993) list the following five
distinct roles of knowledge representations: 1) being a surrogate or a substitute
for the things they represent, 2) an ontological commitment, i.e. to define
what exists and what does not exist in the domain, 3) a fragmentary theory of
intelligent reasoning, 4) a medium for efficient computation, and 5) a language
for expressing thoughts. Because some of these requirements compete, choosing
a representation for a cognitive architecture requires making intelligent trade-
offs. For example, a representation that describes the world in minute detail
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might be complete and expressive but would likely complicate reasoning and
increase computational demands.

Over the years, numerous knowledge representations have been developed
with different properties. Cercone and McCalla (2012) list the following (mostly)
symbolic representations: logical propositions, semantic networks, procedu-
ral representations, logic programming formalisms, frame-based representa-
tions, production system architectures, and knowledge representation lan-
guages. Shapiro (2006) distinguishes between logical and procedural represen-
tations, production systems, semantic networks, schemas (frames and scripts),
pictorial representations, and connectionist representations (local and dis-
tributed). Sowa (1999) also considers logic, frames, rules, objects, and natural
language representations.

A more recent taxonomy by Scharei et al. (2020) splits representations into
symbolic, statistical, and subsymbolic types. In the symbolic category, there
are two subgroups: logic-based (e.g. predicate, propositional, or other kinds
of logics) and knowledge-based (e.g. ontologies and databases). There is some
overlap between subsymbolic representations, such as neural networks, and
statistical representations, which include probabilistic methods and machine
learning approaches (e.g. Bayesian networks and Markov models).

Using these categorizations as a guide, below we describe five different types
of representations found in cognitive architectures.

Logic formalisms. Logical expressions were historically one of the earliest
forms of explicit knowledge representations and are a natural fit for expressing
statements about entities and their properties. Furthermore, as Mylopoulos
(1980) notes, the availability of inference rules, useful for theorem-proving and
problem-solving, formal semantics (at least for the first-order and propositional
logic), and simplicity of notation, make it relatively easy to implement and
understand knowledge represented in such a fashion. Since this formulation
is more suitable for expressing facts and beliefs, it is predominantly used for
declarative knowledge. For example, predicate logic is used to express beliefs
and goals in PRODIGY (Blythe et al., 1992) and PRS (Ljungberg and Lucas,
1992), and to describe the current world state in MIDCA (Paisner et al., 2014).

Graph-based representations. This group includes representations that
have a network-like structure, i.e. those consisting of a set of nodes and
connections between them.

A typical example of graph-based representation is a semantic network. The
concept was proposed by Quillian (1967) as a psychologically motivated model
of declarative memory, where nodes in the network correspond to concepts and
edges between the nodes represent relationships between the concepts (e.g.
conjunctive, disjunctive, subordinate, superordinate, modifier). This organi-
zation of knowledge is very expressive and by design captures the meanings
of concepts through their connections to other concepts. In fact, this property
is the basis of spreading-activation theory of semantic processing, sentence
comprehension, and categorization (Colins and Loftus, 1975). Semantic search
and priming are central properties of memory and are enabled by the same
process. The memory search starts by selecting nodes in the network corre-
sponding to the input concepts, and then tracing the links from each initial
node in parallel until an intersection is found. The traced path which matches
the syntax of the input best is selected. A similar process enables priming—
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another important property of memory by which experience can influence
current behavior. To prime a concept, activation from the corresponding node
is spread throughout the network, proportional to the distance traversed.
Then, when a new input is given, the intersection with the primed concept
can affect processing proportional to the degree of activation. In other words,
closely related concepts (e.g. “wings” and “bird”) would be processed quicker
than unrelated ones (e.g. “book” and “bird”).

Graph-based and logic-based representations have equivalent expressive
power, the differences between them being largely notational (Sowa, 2006).
However, as Cercone and McCalla (2012) note, these notational differences
are still important. For example, associative matching and intersection search
operations are natural consequences of the graph-based notation but would
likely not have been discovered if the logic expressions had been used instead.

Semantic networks are a natural choice for declarative and working me-
mory, and are used in this capacity in many cognitive architectures, such as
ACT-R, AIS, Clarion, Copycat, LISA, Soar, and SHRUTI.

Frames were proposed by Minsky (1974) as an alternative to logic- and graph-
based representations. Frames are data structures that represent various con-
cepts and phenomena with attributes (called slots) that can be assigned values,
such as identifiers and other frames, or left empty to indicate uncertainty. From
this point of view, frames may appear as yet another alternative to predicate
logic, much like semantic networks. Below, we briefly discuss how frames differ
from both, starting with logic.

Hayes (1981) discusses three inference types supported by frames: instan-
tiation, criteriality, and matching. Instantiation, or creating instances of the
same concepts, is naturally supported by frames. All that is needed is to create
multiple frames with different values assigned to slots. Criteriality appears
in perceptual reasoning in the following way: if an object, say a letter, is
represented by a frame with slots corresponding to strokes that make up that
letter, then the discovery of all the parts and filling the corresponding slots
means that the letter is being perceived. Matching involves finding whether
an instance of one concept (e.g. a man named Bob) can be considered an
instance of another concept (e.g. a dog-owner), which naturally requires the
context in which the frames are defined. All three inference types have (less
intuitive) equivalents in predicate logic. What Hayes (1981) sees as the central
limitation of frames is the difficulty in treating an instance of one concept as if
it were another to discover their similarities and differences, which is useful for
analogical reasoning.? The inherent ambiguity of frames is difficult to express
in predicate logic, as it forces the choice of a single interpretation. Another
property of frames that is difficult to express logically is the default values of
slots.

Compared to graph-based representations, frames are similar in that they
have nodes and relations. The difference lies in what these nodes and relations
can represent (Alfonseca, 1989). Nodes in semantic networks are less expressive
and only hold their labels, whereas frames are not limited in the amount and
the type of information that can be placed in slots. Relations, on the other

3Tt is not impossible, however, as Tsotsos et al. (1980) used similarity links to relate frames
describing different types of heart motion.
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hand, are more restrictive in frames, where a single class of relations (often “is-
a”) enables the inheritance of properties from one node to another. In semantic
networks, any type of relation is allowed. In addition, frames are related to
object-oriented representations used in many modern programming languages,
since they allow inheritance, definition of types, and creation of instances
(Lassila, 1990). Objects in these languages, however, are more restrictive than
frames in what inheritance relations and basic types they allow.

Frames were designed for representing declarative knowledge and are used
for this purpose in several cognitive architectures, including FORR, ARCA-
DIA, Disciple, COGNET, OMAR, and MIDAS.

Rule-based representations are simply condition-action pairs, where the
antecedent describes the necessary condition for the action in the consequent
component. Naturally, rules best accommodate procedural knowledge or what
to do. Rules originated from and are predominantly known as part of the
production system design (described in Section 2.2) and later expert systems
(Hayes-Roth, 1985b). In both, rules are combined with the knowledge base
(e.g. a semantic network) and an interpreter which searches for the rules whose
condition matches the symbols in the database and executes the corresponding
actions. Many of the well-known cognitive architectures, such as ACT-R,
Soar, MHP, EPIC, CAPS, CHREST, BB1, and RCS, implement procedural
knowledge as production rules.

Artificial neural networks (ANNSs) have a long history and appeared un-
der a host of different names, such as connectionist models, perceptrons, and
parallel distributed processors. An ANN is a weighted graph, where nodes are
identical simple processing units, each with an associated activation function,
bias, and threshold. The main distinguishing feature of this representation is
its distributed nature, meaning that groups of nodes rather than single nodes
in the network correspond to individual items of knowledge, be it a concept
or an action.

ANNS are used in a number of cognitive architectures: in SASE and MDB
for encoding declarative memory and in DAC, HCA, and MBCA as a senso-
rimotor representation that combines both declarative and procedural knowl-
edge.

Biological neural networks (BNNs) are close relatives of ANNs. BNNs
are typically distinguished by their use of biologically motivated neuron models
(e.g. spiking neurons) and learning rules (e.g. Hebbian learning). However, the
line between ANNs and BNNs is blurry, since engineered and biologically moti-
vated elements can be combined in a single network. Examples of architectures

that use more biologically motivated neural representations for declarative and
procedural knowledge are ART, BBD, Leabra, and SPA.

A large number of architectures use representations that cannot be cat-
egorized as any of the above type but combine some of their features. One
of the common designs for procedural knowledge is a hierarchical network
that organizes rule-based expressions or frames representing atomic actions
into complex plans for a given task or series of motor commands. Many
possible variations of this representation have been proposed: Reactive Action
Packages or RAPs (Firby, 1989) used in MIDAS and 3T architectures, activity
hierarchies in CARACaS (Huntsberger and Stoica, 2010), networks of tasks
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in IMPRINT (Wojciechowski, 2004), action sequencer in ATLANTIS (Gat,
1998), and plan nets in ERE (Bresina and Drummond, 1990), to name a few.

Notable memory systems

Memory systems predicated on the separation of declarative and procedural
knowledge are the most common and developed memory implementations.
ACT-R implements an archetypal example of such a memory system, which
influenced designs of many cognitive architectures.

In ACT-R, items in the declarative memory (called chunks) represent fac-
tual information organized in a semantic network, where each chunk corre-
sponds to an individual node and edges reflect connections between related
concepts. Procedural memory stores production rules in the form of if-then
statements that specify a condition for the application of the action and
an action to perform if the condition is satisfied. When a production rule
is invoked, a relevant chunk is retrieved from declarative memory.

An important property of the semantic network in ACT-R is the concept
of activation—a real number associated with each chunk that indicates how
frequently it has been in use. Activation can spread along the links from the
goal to the declarative memory elements linked to it. Continuous activation is
considered a subsymbolic component that greatly expands the representational
power of otherwise purely symbolic semantic network and allows modeling
various WM and associative memory phenomena (Anderson, 1983b).

This memory implementation was very successful and provided explana-
tions for many psychological phenomena, as well as hypotheses for further
investigations. As a result, a number of cognitive architectures follow a similar
design with some variations:

EPIC supports distinct declarative and procedural LTM storing propositions
and production rules, respectively. Unlike ACT-R, where WM is a subset of
LTM containing items with activations above a set threshold, EPIC’s WM is
structurally separate (Meyer and Kieras, 1997).

CAPS also maintains explicit declarative/procedural and LTM /WM separa-
tion. LTM holds classes (templates) for known objects and facts, and only
their instances reside in WM. Activation can spread positively, increasing the
activations of neighboring items, or negatively, inhibiting them (Sanner, 1999).

CHREST does not explicitly separate declarative and procedural knowledge;
both are stored in a single data structure called the hierarchical discrimination
network (Lloyd-Kelly et al., 2014). The network’s nodes correspond to chunks
(declarative knowledge) connected by links, either similarity or production,
that provide matching and retrieval functions, respectively. Furthermore, this
network is purely symbolic, with no numeric activations assigned to nodes.
Instead, the network’s topological structure represents a statistical distribution
of known items, since the order and frequency of presentation of external
information affects how the nodes and links are formed. The nodes are tagged
with modality (action, auditory, or visual) and are self-contained, i.e. all infor-
mation stored in the node is copied into it, which provides a speed advantage.
In ACT-R, for comparison, each chunk has a single location in the LTM, which
is referenced, not copied (Lloyd-Kelly et al., 2015).

Soar stores all procedural, declarative, and episodic knowledge in a single
production memory. Different from the systems above, Soar’s production rules
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perform only memory retrievals, not actions or logical implications. A proce-
dural/declarative distinction still exists in how knowledge is encoded: pro-
cedurally encoded rules retrieve only the structures encoded in the “then”
part of the rule, whereas declaratively encoded rules retrieve all items. Thus,
production rules perform double duty as conditional information or an indexed
storage of declarative structures (Laird, 2022b).

Clarion supports separation of declarative and procedural knowledge, as well
as a distinction between explicit and implicit knowledge. The implementation
of the first distinction follows other architectures in the group: declarative
knowledge (called non-action-centered) is stored in a semantic network with
the nodes corresponding to chunks and associative links between them, and
procedural (action-centered) knowledge is represented as action rules. How-
ever, explicit and implicit knowledge are also separated on the structural and
representational levels, unlike ACT-R in which every chunk can be seen as
a hybrid of explicit symbolic (labels) and implicit subsymbolic (activations)
representations. Separation along both axes offers more flexibility in what
level of accessibility to assign to each item of knowledge, whether procedural
or declarative. Thus, every memory module in Clarion has a top and a bottom
level for explicit (symbolic localist) and implicit (distributed) representations,
respectively. Specifically, declarative chunks have symbolic nodes on the top
level and dimension-value pairs organized in an associative neural network at
the bottom level. Similarly, procedural knowledge is represented with rules
on the top and neural networks at the bottom. Operations and learning can
happen on either or both levels. To ensure consistency and coordination,
implicit and explicit representations of concepts are linked together.

5.2.2 Semantic vs. episodic memory

The division of declarative memory into semantic memory for storing generic
facts and episodic memory for autobiographical knowledge was proposed by
(Tulving, 1972). Originally intended as a taxonomical distinction, it was con-
troversial at first, but gained more acceptance in the psychological literature
later (Tulving et al., 2002). Further empirical evidence showed that seman-
tic and episodic memory systems in the brain are functionally and neurally
disassociable but tightly integrated at the same time (Renoult et al., 2019).

The main feature of episodic memory is that it is personally experienced
and tied to a specific location and time. For example, the names of the
planets in the Solar System would be stored in semantic memory, whereas
a personal experience of observing a planet through the telescope is part
of the episodic memory. In an artificial system, a similar distinction can be
made between generic knowledge and stored records of the past experiences.
Below, we summarize main characteristics of episodic memory in cognitive
architectures.

The purpose of episodes. Human episodic memory performs multiple func-
tions, such as keeping a record of progress toward goals, preserving temporal
properties of past events, and providing a way of forming concepts from
experience (Conway, 2008).

In cognitive architectures, the main purpose of episodic memory is preser-
vation of a chronologically ordered record of past events mainly for logging
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and debugging purposes. For instance, in ACT-R, an episodic memory system
helps in recovery from interruptions and ignoring irrelevant goals (Trafton et
al., 2013). CogPrime uses episodic memory to learn new concepts from past
events it experienced or hypothesized about (Goertzel and Duong, 2009), while
Soar, ICARUS, and IMA use episodic memory to improve decision-making by
reusing memories in familiar situations or using them as a guide in unfamiliar
ones.

Contents of episodes. Time and context are two defining features of episodic
memory. The simplest way to encode time is by associating episodes with
timestamps (as in Clarion, GLAIR, and Sigma) or by storing them in the
order of their arrival instead (as in MDB and CHREST).

What constitutes context varies among cognitive architectures, but typi-
cally includes a snapshot of any sensory inputs, memory state, action, and
its outcome. This approach was adopted in Clarion, CogPrime, Soar, and
CHREST. LIDA and IMA also store emotions associated with the event in
episodic memory (Ramamurthy et al., 2006; Kawamura et al., 2008).
Storage and retrieval. Deciding what needs to be remembered and what
does not is not trivial. The approach taken in many cognitive architectures,
such as ACT-R, CHREST, MDB, and Soar, is to trigger the creation of a new
episode when a new action is taken or a goal is achieved. However, there is a
possibility of missing significant events during which the agent had remained
inactive. To solve this issue, ICARUS triggers episode encoding when a rare
event, such as a rarely seen predicate or a missing concept, occurs (Menager
and Choi, 2016).

Memory should also accommodate an efficient retrieval mechanism. For
example, Soar can retrieve an episode even from a partial cue (Nuxoll and
Laird, 2007). However, search may become expensive if computational re-
sources are limited and inaccurate as more episodes are accumulated in the
memory. A solution to this problem is to periodically organize and compact
entries in the episodic memory. In ICARUS and IMA, episodes are clustered for
easier reference (Kawamura et al., 2008; Menager and Choi, 2016). CogPrime
implements an attractor network trained on episodes, which serves as an index
for retrieval and can also generate new episodes based on cues (Goertzel and

Duong, 2009).

Episodic/semantic distinction is not as common as semantic/procedural
in cognitive architectures; only a third of the projects in our selection contain
episodic memory. Compared to other memory systems, the overall treatment of
episodic memory is superficial and implementations are rudimentary. Further-
more, descriptions of the implemented memory systems often lack sufficient
details to determine their structure and function.

5.3 Forgetting

Most discussions about memory focus on information retention rather than
loss. Intuitively, if the main function of memory is preserving stored informa-
tion, then forgetting should not be part of it. However, recent research suggests
that forgetting is an essential aspect of memory function that actively prunes
memory to improve retrieval and learning (Gravitz, 2019). Implementations of
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perfect memory in computational models bring about a host of issues, further
supporting the idea that forgetting is a feature of human memory rather than
a bug.

Why forget at all? As a biological or artificial organism performs tasks and
interacts with the world, it accumulates knowledge, but because the memory
size grows, it takes longer and longer to search the memory for the necessary
information. This phenomenon is endemic to many symbolic systems and is
known as the wutility problem (Minton, 1990). For example, Soar and ACT-
R cannot learn continuously. When both systems were run on simple block
stacking problems, their performance degraded and eventually failed after
solving only a few hundred instances (Kennedy and Trafton, 2007).

The usual solution is forgetting some learned information, for example, us-
ing various heuristics, based on recency, utility, or even by discarding randomly
selected memory items (Markovitch and Scott, 1988). The benefits of forget-
ting are not limited to the symbolic architectures. In the connectionist systems
(e.g. DAC, BBD, and SASE), forgetting controls how soon and how well new
information can be learned, improving the adaptability and generalizability to
new situations.

How to forget? Save for brain injury, people rarely forget something entirely
and all at once. Under normal circumstances, forgetting is well characterized
by a power law, i.e. initially the rate of information decay is fast but it slows
down as time passes (Rubin and Wenzel, 1996).

A number of power and exponential functions have been fitted to human
and animal data (White, 2001), and have been used in cognitive architectures
to imitate the gradual process of forgetting. A decay function expressed as t~¢,
where t is the age of the memory item and d is the decay rate, was first used
in ACT-R (Anderson and Schooler, 1991) and is generally supported by the
psychological data. Other similar architectures that assign continuous values
to items in the memory, such as Clarion, BECCA, ICARUS, FORR, IMA,
NARS, Soar, SAL, SASE, and DUAL, also adopted the ACT-R-like equation
with some modifications and different constants.

Other forgetting mechanisms are possible, but less common. For example,
CAPS does not have a decay function, thus forgetting emerges as a function
of the changes of activation spreading and capacity limitations (Thibadeau et
al., 1982). In BBD and ART modifiable weights uniformly decay back to their
original values (Krichmar, 2000; Grossberg and Seidman, 2006).

What to forget? People can forget both facts they once knew and skills
they possessed. Those cognitive architectures that make distinction between
different types of knowledge explicitly, generally model the loss of either declar-
ative or procedural memory, but not both. Which memory is lost depends on
the dominant representation and whether different types of knowledge are
distinguished at all. ACT-R, CORTEX, FORR, PRODIGY, and LISA among
others model decay of declarative memory, whereas Soar, BECCA, BBD, RCS,
DAC, SASE, and IMA can forget procedural knowledge. Forgetting both is
rare but can be implemented, as shown by Kim et al. (2007) who extended
ACT-R with procedural skill degradation.

Is forgetting permanent? There are two options of dealing with forgotten
items of memory. The first is to make forgotten items not accessible (e.g. due
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to their low activation) but keep them in memory. This approach is taken in
ACT-R, BECCA, ICARUS, and IMA. The second is to delete forgotten items,
making them non-recoverable, as done in CORTEX, ERE, Soar, MicroPsi,
LIDA, and PRODIGY. FORR and NARS take a middle ground: the items in
memory remain available unless the storage space runs out, in which case the
least used items are purged.

The first approach of retaining unused memory items is likely more cogni-
tively plausible and helps avoid potential undesirable effects of permanently
erasing memory items from storage. For example, if the knowledge in question
is relatively encapsulated, it can be removed easily. For example, a sales-
man robot controlled by CORTEX can forget specific persons with all their
associated details (Manso et al., 2014). However, if the removed items are
connected to others, for example, in a commonly used graph-based knowledge
representation, memory structure itself may become compromised. MicroPsi
proposes to solve this issue by removing the items that became isolated and
attempting to repair any gaps in the semantic network resulting from the
degraded links to their neighbors (Bach, 2009).

5.4 Summary

e Because memory is essential for nearly all cognitive functions, it is present
in virtually all cognitive architectures. For the most part, memory imple-
mentations conform to psychological evidence and distinguish between the
major types of memory by persistence (ultra-short-term, short-term, and
long-term) and contents (declarative, non-declarative).

e Working memory (WM) is the most complex and important part of the me-
mory system, as it bridges perception with decision-making and long-term
memory (LTM). Although most architectures implement an elaborate WM,
often inspired by theories of human WM, few can demonstrate the associated
behavioral phenomena or model processing at the level of neurons.

e Cognitive architectures use a variety of representations to store knowledge.
Logic-, frame-, and graph-based structures are the most natural (and thus
common) representations for declarative knowledge but can also be used for
procedural knowledge. Rules are almost exclusively used to represent proce-
dural knowledge, and network-based (localist or distributed) representations
are equally suited for both declarative and procedural knowledge.

e Some aspects of memory, such as forgetting, and scaling to human-like
capacity, as well as sensory and episodic memory, are not as well studied
and deserve more attention.






6 Learning

Memory and learning are two closely related processes that are essential to hu-
man intelligent behavior. Memory allows storage and retrieval of information,
experiences, and skills, while learning enables acquisition of new knowledge,
adaptation to new situations, and modification of behavior based on past
experience. Without a record in the memory, every experience and every
thought would be like new, leaving no trace behind. Likewise, without learning,
one is bound to repeat the past. The interplay between memory and learning
is ubiquitous, continuous, and often effortless. In this chapter, we will explore
various aspects of learning in cognitive architectures.

Section 6.1 examines the definitions of learning in psychology and artificial
intelligence (AI).

Section 6.2 describes various taxonomies of learning.

Sections 6.3 and 6.4 investigate declarative and non-declarative learning in
cognitive architectures, as well as learning strategies and the types of learning
involved.

Section 6.5 discusses initial conditions needed for successful learning.
Section 6.6 covers cognitive architectures that do not implement any learn-
ing.

6.1 What is learning?

Before discussing the types of learning in cognitive architectures, we need
to define the term “learning” itself. Like other familiar concepts, such as
intelligence, attention, and autonomy, its meaning appears obvious at first
glance but proves elusive on closer examination and differs depending on
the discipline involved. In this section, we will present psychological and Al
perspectives on learning, both of which are relevant for cognitive architectures.

6.1.1 Learning in psychology

Learning has been one of the core research topics in psychology for over
a century, yet the concept of learning still has no precise and universally
agreed-upon definition. Colloquially, learning refers to improvement of skill or
knowledge, usually through trial and error. This is seconded in a more formal
definition of learning as “a relatively permanent change in behavior poten-
tiality which occurs as a result of reinforced practice” given by Hilgard and
Marquis (1940, p. 6). Upon closer inspection, this definition is not complete
and next we will examine its components to see what is missing.

Necessity of change. Learning itself is not directly observable, therefore
changes in behavior are typically used to identify whether learning has oc-
curred. However, as noted by Lachman (1997)
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the relationship between behavior and learning is not one-to-one. In other
words, a) learning is not the only mechanism capable of affecting behavior
and b) lack of changes in behavior does not imply lack of learning.

To the first point, most biological organisms go through phases of develop-
ment and aging in their life cycle. They can also experience a temporary or
permanent loss of ability. Both of these factors can lead to observable changes
in behaviors but on their own are not considered learning, even though some
adaptation likely occurs as a result, e.g. the maturing and decline of visual
ability as reviewed in (Siu and Murphy, 2018).

Examples of situations when learning took place, but behavior has not
changed are classical conditioning and latent behaviors. In the case of con-
ditioning, learning affects the stimuli effectiveness but not the behavior itself
(Lachman, 1997), whereas latent behavior changes may be revealed long after
learning has occurred. For example, an athlete may learn a new strategy by
observing others but will not be able to apply the new knowledge until the
next competition (Olson and Hergenhahn, 2016, p. 4).

In sum, changes in behavior alone are neither necessary nor sufficient to
conclude that learning has taken place.

Relating change to behavior. De Houwer et al. (2013) note that detecting
changes in the organism and relating them to preceding experiences is very
difficult for two reasons. First, the mechanisms involved in learning are not
known in advance, making their detection problematic. Second, distinguishing
whether experiences and changes in behaviors are linked causally or merely
correlated may not always be possible.

Permanence of change. For a change in the observed behavior to be consid-
ered a result of learning, it should be relatively stable. This delineates learning
from the transient changes in behavior due to variations in motivation, sensory
adaptation, fatigue, or effects of substances (Houston, 1981; Lachman, 1997).
Necessity of deliberate practice. Many types of learning are deliberate
and repetitive, such as training sports skills or mastering a musical instrument.
However, learning may also happen incidentally or even as a result of a single
event. As an example of the latter, observing others perform a task differently
may be sufficient for adopting it in the future (Lachman, 1997). It is also
possible that most of the learning happens unintentionally because learners
often have no recollection of when and how it occurred (Alexander et al., 2009).
Such learning, however, can be easily conflated with unpracticed cognitive
skills that result from maturation or aging (Houston, 1981).

Not all of these concerns apply to the types of learning implemented in the
existing cognitive architectures. For example, the vast majority of cognitive
architectures do not model development, aging, or temporary loss of ability.
Even when these issues are considered, the lifespans of the artificial agents are
too short for significant changes to occur.

6.1.2 Learningin Al

In the artificial intelligence domain, learning is primarily investigated within
the machine learning (ML) paradigm. ML aims to acquire knowledge by ex-
tracting patterns from data, using techniques from various disciplines to mod-
ify or adapt the output toward a desired outcome. The necessary components
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of learning can thus be defined as 1) a learning objective, 2) training data,
3) training procedure, and 4) measure of performance. Learning takes place if
performance measures of the algorithm are improved as a result of training on
particular data for the given task.

There are some parallels between the psychological definition of learning
and ML: in both there is an observable change in the behavior of the artificial
system as well as practice and reinforcement signal (e.g. provided as ground
truth or obtained by the system through interaction with the environment).
However, there are some differences too. ML is investigated primarily on the
algorithmic level, which focuses on the complexity of the proposed methods
and their effectiveness for different applications (Langley, 1996b). Although
some ML methods may be cognitively or biologically plausible (whether in-
tentionally or not), the bulk of ML research is not concerned with modeling or
explaining the mechanisms of human learning. According to Mitchell (2006),
ML is driven primarily by statistics and computer science and less so by studies
of human learning, partly due to poor understanding of the processes involved.

6.2 Types of learning

Learning is a complex process that can occur in many ways. To categorize types
of learning and their properties, a number of taxonomies have been proposed.
According to Kyllonen and Shute (1988), the most common divisions are by
outcomes of learning and types of information processing involved. Both will
be explained below:

Designated /rational. Following behaviorist tradition, it is possible to cat-
egorize learning solely by its outcomes. Two well-known categorizations of
this type are Bloom’s (1956) taxonomy of educational objectives and Melton’s
(1964) taxonomy of learning. Bloom organizes educational behaviors into six
classes from the simpler to more complex, such as knowledge, comprehension,
application, analysis, synthesis, and evaluation. Along the same lines, Melton
ranks the following learning acts in order of increasing difficulty: condition-
ing, rote learning (memorization), probability learning, skill learning, concept
learning, and problem-solving.

Information processing. These are rooted in theories of information pro-
cessing and implementations in computational models. The taxonomy based on
ACT-R (Anderson, 1983b) divides learning into three basic types: declarative
learning, procedural learning, and strengthening, similar to reinforcement, that
improves the other two. More general and somewhat overlapping taxonomies
that address information processing were proposed by Carbonell et al. (1983)
and Michalski (1986). Carbonell et al’s (1983) taxonomy comprises learning
strategies (ordered by complexity from memorization to unsupervised discov-
ery), representation (e.g. parameters, decision trees, logic-based expressions,
networks), and application domains (e.g. general methods, playing games,
mathematics, natural language processing). Michalski (1986), in addition to
the learning strategies, also considers the dimensions of research paradigm
(connectionism, symbolism, and domain-specific learning) and learning ori-
entation (general learning algorithms, models of human learning, specialized
engineering solutions).
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In AI, the most common categorization is based on learning algorithms
divided by the type of training experience into supervised, unsupervised, and
reinforcement learning:

Supervised learning requires a set of inputs with target values. The algo-
rithm learns to map inputs to desired outputs (discrete categories or continu-
ous values). To be of use, the algorithm needs to generalize past training inputs
and produce reasonable outputs for unseen data. This is what is known as in-
ductive learning. Besides inductive, there are transductive learning algorithms,
which reason from specific training cases to specific test cases.

Unsupervised learning, as the name suggests, is not provided with target
values, only with the inputs. During training, the algorithm is expected to
determine the distribution of data or cluster it into discrete categories.

Self-supervised learning is a form of supervised learning that does not
require extensive manual labeling. Even though it learns from unlabeled data,
it does not perform clustering or grouping as the unsupervised approaches do.
Instead, it exploits the unlabeled data to yield labels, for example, removing
words/pixels from sentences/images and learning to predict the missing parts.
This type of learning can be useful on its own or as a way to form meaningful
representations for other tasks that may or may not require supervision to
learn.

Semi-supervised learning requires only a small set of labeled data, which
is then used to bootstrap learning on a much larger set of unlabeled data.

Reinforcement learning is sometimes included in the unsupervised cate-
gory (Barber, 2012), but more often it is considered as another approach
having features of both supervised and unsupervised learning. In the rein-
forcement learning paradigm, the algorithm is not told what to do and is not
provided with target values explicitly but can perform actions and assess their
effects through interactions with the environment.

Meta-learning generalizes to multiple training tasks instead of individual
training samples to form inductive biases based on the previous training ex-
perience.

There is no universally accepted taxonomy of learning methods in cognitive
architectures, however discussions of learning naturally fit within information-
processing taxonomies. The majority of works categorize learning by the me-
mory system that supports it, typically following Squire’s (1992) hierarchical
taxonomy (see Chapter 5). For the remainder of this chapter, we will use
the memory-based taxonomy as well. In the discussions of declarative and
procedural learning, approaches are further divided by learning strategies and
learning algorithms.

6.3 Declarative learning

Declarative learning extends declarative knowledge about the world, e.g. ob-
jects, their properties, relationships between them, physical laws that govern
their behavior, etc., expressed as facts, theories, or constraints. Knowledge can
be extended in two ways: adding new information, such as learning about the
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objects that were never encountered before, or modifying existing knowledge
based on new evidence. Below, we discuss examples of declarative learning
organized by learning strategy and level of supervision.

6.3.1 Learning through instruction

Learning through instruction is a way to add or update knowledge of the
system without interrupting its operation and reprogramming directly. This
process, however, requires a human teacher and some scaffolding on the side
of cognitive architecture, such as a mechanism to detect when a teacher is
instructing, means of recording and parsing the instruction, a way of trans-
forming the information into suitable internal representation, and an initial
knowledge base to process and integrate obtained knowledge.

Only a few limited examples of such learning exist. One is Rosie, an agent
implemented in Soar that can learn new concepts, such as objects in the
environment and their properties, via natural language instructions (Mohan
et al., 2012). Rosie’s background knowledge includes basic perceptual proper-
ties (color, shape, and size) and a way of extracting them from sensors and
primitives for spatial relations (e.g. direction and alignment). With this in
place, Rosie can learn novel concepts and relationships between them from a
handful of examples given by the teacher. For instance, it can learn what “left
of” means from a single example, such as “the red object is left of the blue
object.” In addition to passive learning of input information, it actively seeks
input to resolve ambiguities by asking additional questions.

Along similar lines, ISAC learns names of objects by associating object
classifier output, image histogram, and other properties with the provided
label (Kawamura et al., 2008). Another cognitive architecture, PRODIGY,
implements interaction via a graphical interface, through which it receives
domain knowledge facts and instructions (Blythe et al., 1997). The interface
also provides users with access to the internal representation and intermediate
processing steps, which allows more fine-grained guidance during problem-
solving.

6.3.2 Learning by deduction

Learning by deduction is the application of predetermined inference rules to
existing knowledge. One of the main features of deduction is truth preserva-
tion, i.e. provided that the premises are true and inference is done correctly,
the conclusion is also guaranteed to be true. For example, in the syllogism
“All humans are mortal. Socrates is human. Therefore, Socrates is mortal,”
the truth of the final conclusion rests on the initial knowledge that humans
are mortal and Socrates is a human.

Given any set of premises, deductive inference can be applied repeat-
edly without supervision (referred to as forward chaining) and stop when
a deductive closure (all possible derivations) of the set is computed. This
process is one of the main methods of extending knowledge in symbolic (or
mostly symbolic) architectures, such as Clarion, Disciple, NARS, and OSCAR;
deductive inference from a knowledge base generates new facts which are then
saved in memory to guide and simplify future derivations. Deductive learning is
not limited to symbolic approaches; it has been demonstrated by SHRUTI that
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deductive inference can also be performed using the connectionist principles
(Shastri, 1990).

Two issues are brought up frequently with respect to learning by deduction.
First is that deduction is not learning since it does not add new knowledge but
rather rearranges the information already contained in the premises. Thus the
primary benefit is seen as simply making information more readily accessible.
The second issue follows from the definition of deduction, whose truth value
depends on the truth of the premises. Therefore, errors or missing information
in the initial knowledge base may either lead to incorrect statements or make
it impossible to infer correct statements.

6.3.3 Learning by induction

Induction helps derive general conclusions from a set of specific observations
or given examples, a process opposite to deduction which follows from general
axioms toward specific facts. For example, knowing that eagles and sparrows
fly, it is reasonable to conclude that all birds can fly. Obviously, the existence
of non-flying birds, penguins and ostriches, refutes the conclusion. Therefore,
induction is not guaranteed to be true, since even correct premises provide only
partial evidence. Moreover, unlike deductive arguments which are all equally
strong, some non-deductive arguments may be stronger than others, depending
on how well-justified the premises are.

Despite being inherently probabilistic, inductive learning is still very useful
because it can expand knowledge from a very small number of observations
to a potentially infinite set, but at the cost of increasing uncertainty. For
example, if the concepts are organized hierarchically, their properties can be
transferred inductively to concepts at the upper or lower levels. Two examples
from Clarion summarize this: 1) transfer of properties from general to specific,
e.g. if we know that a sparrow is an instance of a bird and birds fly, then
we can assume that sparrows fly too; 2) transfer of properties from specific
to general, e.g. if we know that cats jump and that cats are animals, then
we can assume that all animals jump (Sun, 2003). The CHREST architecture
applies a similar approach to learning game board patterns by the way of
familiarization and discrimination, respectively. Familiarization adds missing
parts to the general representation (image) from incomplete views of the
board (patterns). Discrimination works the other way around by extending
the patterns to better match the image (Lane and Gobet, 2012). Analogy can
also be applied to concepts on the same level in the hierarchy. For example,
Disciple transfers knowledge from a known entity S to a similar but less known
entity T. If S and T are similar in some respects (e.g. have the same features)
they can be similar in other respects too. If S has some feature that T does
not, it is reasonable to assume that T has it too (Tecuci, 1995).

Furthermore, induction improves domain knowledge by filling the gaps
and removing inconsistencies, issues that cannot be resolved deductively. This
approach is taken in Disciple, where negative and positive examples of rule
applications are used to refine declarative knowledge about the domain of
operation (Tecuci, 1991). For example, given a domain, where z IS-IN y
presumes that y IS-A container and the solution to TAKE x requires to
OPEN the container. However, sink, box, and cabinet defined as containers
in the domain knowledge base do not have a property IS closed. Thus, when



Non-declarative learning ] 115

attempting to take an object from the sink, OPEN action cannot be applied,
which generates a negative exception. To resolve the issue, Disciple examines
features of the objects in positive examples (e.g. taking z from the boz and
cabinet) and identifies objects in negative exceptions that do not have those
features (sink). If closed is identified as a property that has not been assigned
to all containers consistently, it is added to the knowledge base. Similarly, Dis-
ciple refines declarative knowledge by finding generalities among the features
of objects and separating them as higher level concepts in the hierarchy, e.g.
noticing that some objects can be moved and some cannot will prompt the
system to add movable as a new property.

In most cases, inductive learning does not require supervision, since the
process relies on accumulated knowledge. A variety of algorithms have been
used to implement inductive learning in cognitive architectures: including
heuristics (Disciple, CHREST, Clarion), backpropagation (Clarion), Hebbian
learning (SHRUTI), or a combination thereof (LISA, Clarion). Given the
uncertainty of induction, correctness of generalizations needs to be verified
(e.g. via human feedback in Disciple) but this is often not done.

6.4 Non-declarative learning

Non-declarative learning refers to the process of acquiring skills, habits, and
conditioned responses. This type of learning is implicit and occurs through
experience and practice, rather than memorization. In this section, we consider
two types of non-declarative learning: perceptual and procedural.

6.4.1 Perceptual learning

Perceptual learning improves the organism’s abilities to respond to its en-
vironment as a result of experience or practice (Hawkey et al., 2004; Kell-
man and Massey, 2013). Since perception is implicit, non-verbalizable, and
a part of many activities, it may be difficult to distinguish perceptual from
procedural learning. From the epistemological point of view, the distinction is
that perceptual learning must improve perception, not just involve it. Some
examples of perceptual learning include: recognizing the differences which
could not be perceived before (differentiation), perceiving distinct properties
as one (unitization), learning to attend (attentional weighting), and the ability
to recognize specific stimuli (stimulus imprinting) (Connolly and Prettyman,
2024). The first ability, differentiation, is foundational since it bootstraps other
types of learning. A living or artificial organism that knows how to tell objects
and sounds apart can extend its perceptual abilities further, learn about the
properties and relationships among the perceived entities, formulate its goals,
and discover what actions will lead to achieving set goals while avoiding harm.

Off-line learning

Most cognitive architectures are not concerned with developing perceptual
abilities per se, but rather need perception for reasoning and decision-making.
For this purpose, the internal workings of a model do not matter as long as
it provides the information needed. Thus, prelearned black box models that
remain constant throughout operation are quite common, especially when the
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environment and the task are reasonably well-defined and are not expected to
change. In this case, a set of relevant entities can be determined and used as a
training set for supervised inductive learning. Although the specific algorithms
applied and what they are applied to may be different, there are a number of
similarities across various cognitive architectures we considered:

e The dominant modality is visual. One of the few exceptions is SASE that
learns a limited vocabulary of spoken words (Zhang et al., 2005).

e Perceptual models are trained to perform a wide variety of visual tasks from
low-level vision to image classification, object detection, object recognition
(including face recognition), segmentation, tracking, and action recognition.
Note, however, that all cognitive architectures are specialized in one or two
of these tasks and none have a general purpose visual system.

e Learning is mostly inductive and supervised, using manually labeled data.

e Learned models are optimized for the object sets and environments where
the cognitive architectures operate (e.g. video game avatars or real objects in
natural environments). The widespread use of special purpose features and
algorithms (e.g. for face recognition) may not be effective for more general
vision tasks (e.g. generic object recognition).

e The number of recognized entities and events is usually small. One of the
largest models, Leabra, recognizes up to a hundred categories of objects,
which is about an order of magnitude above the number of entities that an
average cognitive architecture can handle.

Online learning

An off-line approach to perception has an obvious limitation—it will likely not
work well in the settings whose properties and conditions of operation differ
from the ones used during training. As a result, prelearned models would need
to be modified for any additional tasks or object categories. An alternative is
online learning, i.e. gradual adaptation to changing environmental conditions.
While such continuous learning is more biologically plausible, it is a much
more difficult problem to solve, thus fewer cognitive architectures attempt it.

e Continuous learning needs to be bootstrapped by initial knowledge. In some
cases, the pretrained model can serve as a source, e.g. Kismet uses a face
detector to learn features for further unsupervised person identification and
relies on a speech recognizer for understanding the teacher’s commands.
In some cases, a set of simple heuristics is sufficient. For example, in RCS
and Kismet, certain features are chosen to aid object recognition (Albus et
al., 2006; Aryananda, 2001).

Reflexive hard-wired responses can indirectly guide perceptual learning:
in BBD, appetitive and aversive responses are triggered by taste (Krichmar
and Edelman, 2002), DAC has approach and avoidance reflexes (Verschure
and Voegtlin, 1998), and IMA is set up with commands that start learning
and assign rewards (Kawamura et al., 2008).

e Continuous learning algorithms exist for any level of supervision. Human
feedback is the most common. For example, IMA relies on a teacher to
introduce objects and people, whose features are then saved in the database
and retrieved when necessary (Kawamura et al., 1995). A robot controlled
by Soar likewise follows human instructions. A spoken command “this is
orange” prompts Soar to associate certain visual features with the label
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“orange” (Mohan et al., 2012). DIARC similarly populates its database of
objects through instruction. When a new object is encountered, the robot
queries the human user, who may then provide a label (Scheutz et al., 2007).

Semi-supervised learning is demonstrated by RCS, which initially relies
on radar to learn the differences in the appearance of drivable areas and
obstacles in supervised fashion. However, due to the sensor noise, these labels
may not be correct, therefore the movement of the vehicle and response of
its bumper are used to determine traversability of the terrain and correct
the labels if needed (Albus et al., 2006).

Unsupervised perceptual learning is done primarily via clustering. For
example, Kismet passively observes the environment and gathers samples
of the users it is interacting with. When a sufficient amount of data is
accumulated, it is clustered and the centers of clusters are assigned unique
identities. When a new person appears in front of the camera, their face
is compared to the existing clusters. If no match is found, a new cluster is
automatically generated (Aryananda, 2001).

e Vision is still the most common modality for continuous learning, with few
exceptions. One is Kismet, which learns to understand speech directed at it.
Starting with the prelearned speech recognizer and known prompts, it popu-
lates its vocabulary and then uses it to identify known utterances or add new
ones to the vocabulary following the user’s verbal instruction (Varchavskaia
et al., 2001). Another notable example, BBD, learns to associate percepts
from three distinct modalities—visual, auditory, and gustatory. One of the
instances of BBD, Darwin VII, demonstrated how learning occurs through
an unsupervised operant conditioning process. First, it learns to associate
visual patterns (blobs, vertical and horizontal stripes) with an innate value-
loaded test, and then pairs the visual patterns with the auditory tone
emitted by the object (Krichmar and Edelman, 2005).

Overall, online perceptual learning has shown potential but does not reach
the level of performance of the off-line models even in simple environments.

6.4.2 Procedural learning

In the most general sense, procedural knowledge describes how to do some-
thing. “Doing” usually refers to the strategies for solving problems and se-
quences of motor commands to accomplish the tasks, or a combination of both.
Learning new cognitive and physical skills or improving existing ones is called
procedural learning. In this section, we will discuss several learning strategies,
specific algorithms used to implement them, and what level of supervision they
require.

6.4.3 Learning through instruction

Earlier, we described examples of declarative learning through instruction.
Along the same lines, human users can teach procedural knowledge directly
(e.g. by demonstration) or indirectly (e.g. by providing feedback). Direct in-
struction is usually applied to learning motor commands, since they are easier
to demonstrate. For example, IMA records motion exemplars for actions while
the human user controls the robot via teleoperation and provides spoken
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labels for the performed action (Kawamura et al., 2008). Similarly, associa-
tion between servomotor commands and high-level instructions is learned in
CogPrime (Goertzel et al., 2010a) and SASE (Zhang et al., 2005) when the
user simultaneously moves the robot and feeds the command. Human expert
supervision can also be applied to problem-solving episodes, as in the case
of Disciple, which prompts the user with questions and can understand the
explanations, examples, and hints provided via the graphical user interface
(Tecuci et al., 2004).

6.4.4 Learning by deduction

The simplest way of learning procedural knowledge is caching the results of the
successful executions. Whenever a task is completed, be it a solved problem or
physical movement, a sequence of actions that led to the solution is recorded
and reused later. Naturally, caching is most effective in the cases when the
same problems are encountered frequently and generating a solution every
time is computationally expensive. For example, the robotic architectures that
use sophisticated planners to compute a route to the destination benefit from
saving successfully traversed paths since there is no need to compute them
again. In limited indoor spaces those same routes are likely to be reused
multiple times, as demonstrated in the experiments using the BB1 architecture
for controlling an office delivery robot (Hayes-Roth et al., 1993). Robots oper-
ating in larger outdoor environments can also benefit from this technique. For
example, the RCS architecture caches successfully completed routes but before
committing them to memory performs postprocessing to remove loops and
excursions (Albus et al., 2006). Another robot architecture, CORTEX, further
improves caching by saving only those plans that are sufficiently different from
those already in memory using a meta-descriptor for comparisons (Manso et
al., 2014).

A more sophisticated alternative to caching is explanation-based learning
(EBL) (DeJong and Mooney, 1986; Mitchell et al., 1986). It is one of the
most well-known deductive learning methods that gained popularity during
the 1980s and was featured in several cognitive architectures developed at
that time, notably PRODIGY and Disciple. Various implementations and
variants of EBL have two things in common: 1) the ability to deductively
generalize from very few (or even a single) example, and 2) reliance on an
extensive domain knowledge to do so. For any given specific example, EBL
first “explains” it via deduction from a preprogrammed logical domain theory
and then generalizes the example to be reused in similar situations.

EBL-like learning appears in several other architectures under different
names. In Soar it is called chunking and is described as the process of com-
bining a sequence of operators into a single operator (referred to as a macro-
operator or chunk), which has the same effect as the original sequence. Con-
sidering that the production systems rely on forward chaining for reasoning,
arriving at the sequence of actions is similar to the derivation step in EBL
(Rosenbloom and Aasman, 1990). The creation of a macro-operator in turn
corresponds to the analysis and generalization of the explanation. Soar, im-
plements chunking that is closer to the original EBL (Laird et al., 1991). In
Soar, chunking helps avoid impasses arising when more than one operator is
applicable to the problem. Chunking thus eliminates deliberation and making
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the action more reflexive. Chunking can apply to multiple rules and takes
effect immediately (does not need to be reinforced through the application)
(Laird, 2022a). In ACT-R, a similar process is called production compilation
and provides a way to combine two production rules that have been used in
sequence into a single rule. Essentially, this creates a specialized routine that
is more efficient on subsequent applications in similar scenarios (Anderson et
al., 2003). The term “chunk” in ACT-R refers only to items in the declarative
memory (Anderson and Lebiere, 2003).

ICARUS is similar to Soar and PRODIGY in that it applies EBL to opti-
mizing performance, and in addition it can create disjunctive and recursive skill
hierarchies (Langley et al., 2005a). For storing skill in memory, the assumption
is that the acquired skill clauses that achieve the same goal have the same
head (condition for execution).! Indexing in this manner allows ICARUS to
store two or more clauses together, which in turn helps create skills that call
themselves directly or through others. This is more flexible than chunking in
ACT-R and Soar (Langley et al., 2009).

ERE further extends EBL through the mutual theory refinement (MTR)
method, which combines learning from failure and explanation for refining
approximate or incomplete domain theories. When ERE detects failure (ex-
pressed as the difference between the expected and observed state after the ac-
tion), it collects evidence, such as existing and missing literals in the predicted
and observed states and attempts to heuristically resolve the inconsistency by
either removing or adding preconditions or modifying the outcomes of the
rules (Kedar and McKusick, 1992).

Although deductive approaches are effective, they have limitations in prac-
tice. First, methods like EBL require a complete knowledge base, which is
unrealistic for most practical domains. Second, the amount of acquired knowl-
edge can grow rapidly even for small domains. As a result, the time to search
for a suitable rule to apply can offset the optimizations from learning new
rules. This is known as a utility problem (Minton, 1990). Third, ultimately,
deductive methods in general and EBL in particular cannot go beyond the
deductive closure of the initial knowledge base. Therefore, other learning meth-
ods, such as learning by instruction, inductive learning, and exploration are
needed to compensate for these drawbacks. Virtually all cognitive architectures
mentioned above do not rely on deductive learning alone.

6.4.5 Learning by induction

As explained earlier, induction generalizes a few isolated experiences to a po-
tentially unbounded set of situations but does not guarantee that the solution
is universally true. In the symbolic systems, the simplest form of inductive
learning is replacing individual instances with variables. For example, the
Disciple architecture can generalize a rule that “pushing a door will open
it” by replacing door with x (Tecuci et al., 2005). The new rule will be true
for doors and other things that can open, but not for all objects. Disciple and

1ICARUS uses Horn clause formalism for encoding facts and skills. Both types consist of a head
and a body. A head specifies the name of the concept or skill and arguments, and a body includes a
number of fields. The fields in concept clauses can specify associated percepts or relations to other
concepts. Skill clauses include fields that specify the conditions for executing the skill, description of
the skill itself, and effects of its application (Langley, 2006a).
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other architectures following this approach, such as DUAL (Kokinov, 1994b)
and NARS (Wang, 2012), can to some extent verify the plausibility of the
generalization with ontology and other rules but ultimately require additional
input to check the correctness of the hypothesis. This brings us to by far the
most common type of learning found in cognitive architectures.

6.4.6 Associative and reinforcement learning

Perhaps, the most fundamental learning strategy is learning by doing, observ-
ing the effects of actions, and modifying behavior accordingly, which is found
in many living organisms. In natural sciences, two dominant theories, classi-
cal and operant conditioning, explain associative and reward-based learning,
respectively. Classical conditioning associates an existing stimulus (e.g. food)
that elicits certain involuntary behavior (e.g. salivation) with a new neutral
stimulus (e.g. bell). As a result of learning, the old behavior (salivation)
becomes a response to the previously neutral stimulus (bell). Operant (or
instrumental) conditioning changes voluntary behavior by rewarding or pun-
ishing it. A variety of algorithms that exploit these principles were developed
within Al and computer science, notably reinforcement learning, comprising
algorithms that learn how to act based on numerical rewards assigned to
different actions and states.

Reinforcement-like mechanisms that approximate instrumental condition-
ing are very common in cognitive architectures. One of the early successful
applications is ACT-R, where each unit of procedural knowledge (production
rule) is assigned a value representing its utility. Initially, all weights are equal
and are adjusted depending on whether the application of the rule was suc-
cessful. If so, the value of the production (and other productions that led
to the reward) increases, and decreases otherwise. Reinforcements (positive
and negative) gradually shape the distribution of utilities across production
rules and improve the chances that rules that were more useful in the past
will be selected again among alternatives (Fu and Anderson, 2006). Soar
initially relied only on symbolic learning (chunking) and did not adopt a similar
reinforcement mechanism based on the utility of operators and productions
until the ninth version of the architecture (Laird, 2012b).

The same procedure can be applied to virtually any procedural knowledge
representation. FORR encodes procedural knowledge as an ensemble of weak
learners specialized for certain tasks called Advisors, each with an associated
weight. The advisors whose outputs lead to better decisions are given higher
weights, and those that consistently underperform eventually are dropped
(Epstein and Petrovic, 2008). LIDA encodes procedural knowledge in schemes
(called behavior codelets) that have activations. If the action performed by
a codelet is successful (i.e. matches the expectations), it is reinforced in the
memory and more likely to be selected again (D’Mello et al., 2006). Clarion
represents procedural knowledge with both symbolic (chunks) and subsymbolic
(neural networks) representations that are linked together. Subsymbolic rep-
resentation is learned via Q-learning and backpropagation. Symbolic rules are
then constructed and refined using inductive or deductive methods based on
the success ratios of various modifications (Sun and Fleischer, 2012). CARA-
CaS also uses Q-learning, but reformulates it in process algebra terms to learn
new actions from observations (Huntsberger, 2011b).
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The cognitive architectures discussed below aim at modeling classical and
operant conditioning explicitly for learning various tasks. CHREST integrates
a combination of classical and operant conditioning with symbolic reasoning
for a task of playing a blackjack card game (Schiller and Gobet, 2012). Classical
conditioning associates emotional tags (sadness or joy) with various actions.
Depending on the emotional tags, the next action is selected, its immediate
outcomes are observed, and the model adjusts its expectations by changing its
parameters accordingly. DAC, BBD, ART, SASE, HCA, and Leabra explore
neural mechanisms of conditioning. DAC models simultaneous perceptual and
behavioral learning via classical and operant conditioning implemented as
predictive Hebbian learning (Duff et al., 2010). As a result, a robot controlled
by the system learns to navigate in a previously unknown environment. A
different solution for learning to navigate was developed for Darwin IX (an
instance of BBD) using a delayed eligibility trace (McKinstry et al., 2008).
SASE applies a Q-learning approach to learn composite actions composed of
primitives through conditioning with the feedback from the human instructor
(Zhang and Weng, 2002). Finally, the PVLV model (based on the Leabra
architecture) improves the Rescorla-Wagner learning rule to model a variety
of properties of classical and operant conditioning, such as blocking, overshad-
owing and summation, conditioned inhibition, second-order conditioning, and
CS-US timing variability, all in a single model (O'Reilly et al., 2007).

6.5 What is needed for learning?

No architecture starts from a blank slate, but how much and what kind of
information is initially given can differ significantly across the architectures.
Some examples of commonly preloaded knowledge are listed below.

Perceptual knowledge. Proliferation of off-the-shelf open-source and com-
mercial software that performs basic perceptual tasks made it easier to inte-
grate perception with virtually any cognitive architectures.

e Visual processing is frequently outsourced to plug-in modules and includes
saliency estimation, object detection, object recognition, and scene under-
standing (obstacle classification, SLAM, segmentation, and optical flow es-
timation). Many robotics architectures resort to this because they prioritize
robustness and effectiveness of vision over cognitive plausibility (e.g. see
ADAPT, CARACaS, RCS, Saphira, SS-RICS, and TCA), although some
cognitive architectures resort to these methods as well (e.g. ARCADIA,
DUAL, Sigma, and STAR).

e Speech processing is most common for audio modality, given its primary
purpose of communication in the majority of the architectures that have
it. Again, off-the-shelf software is more commonly found in the robotic
architectures, where it serves to translate commands from the users, as in
ADAPT, CORTEX, DIARC, and Ymir.

Declarative knowledge. Obtaining declarative knowledge is difficult even
in the simple environments, therefore this information is often preloaded as:

e Domain constraints, i.e. what can and cannot be done in the given envi-

ronment, including laws of physics or rules specific to the task or situation.
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e Objects—entities known to the system, including their types, appearance,
and relationships between them (e.g. as an ontology or hierarchy).
o Objectives—task description or specification of the desired state of the
system.
Procedural knowledge. Arguably, procedural knowledge is learned more
often than perceptual or declarative knowledge. It can also be predefined, e.g.
in the form of rules (ACT-R, EPIC, Soar, and other production systems),
finite state machines (CARACaS, STAR, Subsumption), and task networks
(3T, ATLANTIS, TCA).

Overall, cognitive architectures that can be preloaded with information
are either symbolic or have a significant symbolic component for knowledge
representation. This initial knowledge makes it easier to bootstrap further
learning, but even without it many cognitive architectures are able to perform
complex intelligent tasks.

Connectionist architectures, instead of knowledge base injection, need to be
provided with ample scaffolding that may not count as knowledge but makes its
acquisition feasible. For instance, many connectionist cognitive architectures
have fewer sensors with lower resolution, operate in simpler environments with
fewer objects, and perform simpler tasks. The structure of the model (e.g. num-
ber and type of neurons and their organization in a neural network) and for-
mulation of learning procedure (e.g. learning objective, parameters of learning)
have a tremendous effect on the learning and its outcomes. Even preloading
knowledge is not entirely out of question. Distributed representations make
it difficult to specify concrete facts or skills for specific scenarios, but can
instead be pretrained on generic tasks, such as classification and detection of
objects and actions. Knowledge transfer by learning domain-invariant models
from large amounts of data is a common technique in deep learning (Long et
al., 2015) but is not frequently used in the cognitive architecture domain.

6.6 Non-learning cognitive architectures

Even though learning is considered one of the top requirements for achieving
intelligence, about one-third of the architectures in our selection do not learn.
The architectures that do not learn can be subdivided into two groups: those
that intend to implement learning in the future and those that do not aim at
modeling learning in principle.

Nearly all architectures in the latter group focus on human performance
modeling for specific applications and tasks. Their main purpose is to optimize
the design process for human-facing interfaces. Thus, they focus on prevent-
ing design-facilitated errors by generating quantitative predictions of human
performance for a range of known cognitive parameters while accounting for
individual variability. Some models of this kind, such as MIDAS, COGNET,
MAMID, and EPIC, do not include learning at all, while others do not learn
themselves but can model aspects of human adaptability and learning. For
instance, Model Human Processor (MHP) (Card et al., 1986) predicts learning
and task execution time for different types of users, whereas APEX (Freed
and Remington, 1999) models human error by introducing a temporary bias
parameter that controls whether the decision mechanisms will rely on default
settings or on a more costly working memory retrieval.



Summary | 123

Sometimes, lack of learning is intentional. For example, Copycat (Hofstadter
and Mitchell, 1994) and its successor Metacat (Marshall, 2006) adjust to the
context during analogy-making episodes but revert to the initial state once the
context was removed and do not retain changes across runs. While temporary
adaptation is sufficient for dealing with different types of problems, it is unclear
how learning can improve analogy-making in this context.

There are no architectures that cannot accommodate learning in principle.
Arguably, some connectionist architectures allow learning more easily, and
most that do not are either symbolic or have a substantial symbolic component.
As we discussed earlier, connectionist architectures cannot be easily preloaded
with data making learning a necessity, whereas symbolic architectures by
design are capable of producing intelligent behavior without any learning at
all and can be interfaced with external models of learning if needed, e.g. EPIC
with the integrated model of human category learning (Wray and Chong,
2003).

6.7 Summary

e Learning is seen by many as a fundamental characteristic of intelligence.
Psychology and cognitive science consider learning as a beneficial behavioral
change resulting from experience but not from transient states, maturation,
or chronic diseases. The AI perspective focuses mainly on developing al-
gorithms for inductive learning and learning from experience with various
levels of supervision.

e The importance of learning is recognized in cognitive architectures as well.
Two-thirds of the projects we considered have at least a rudimentary ability
to learn. Of the remaining architectures that do not learn, only a few do not
pursue learning by design.

e The types of learning implemented in the cognitive architectures span a
variety of approaches that largely depend on the type of knowledge acquired:
declarative learning is mostly done through symbol manipulation, whereas
perceptual and procedural learning use multiple techniques, including su-
pervised, unsupervised, and reinforcement learning, in addition to symbolic
methods.

e Procedural reward-based learning is the most common since it requires
minimal to no supervision and mimics processes found in living organisms.

e Although a sizable group of cognitive architectures do not implement any
learning, there is no cognitive architecture that is incapable of any learning
in principle.






7 Reasoning and Decision-Making

Reasoning and decision-making are often associated with logical inference,
problem-solving, weighing possibilities, and other intellectual activities. In
reality, they extend to practically any information-processing that helps decide
“what to do next?” When the answer is obvious, the decision is made auto-
matically with little effort. More often than not, some deliberation may be
needed to choose among many alternatives, without full information, under
time pressure, and in uncertain conditions. In this chapter, we will discuss
these and other aspects of reasoning and decision-making and how they are
implemented in cognitive architectures.

Section 7.1 details current views on defining cognition, thinking, reasoning,
and decision-making.

Section 7.2 discusses the types of theoretical reasoning (or reasoning about
beliefs), focusing on everyday non-monotonic reasoning as a mechanism for
dealing with incomplete and uncertain information.

Section 7.3 is dedicated to practical reasoning or decision-making. Here, we
start with the aspects of physical action selection that are most important
for producing appropriate and consistent behaviors. Then, we discuss how
biological and artificial mechanisms for action selection implement these fea-
tures. In the final subsection, we consider various behavior modulators, such
as personality traits, drives, and emotions, which affect decision-making.
Section 7.4 covers the most common meta-reasoning mechanisms in cogni-
tive architectures, such as self-monitoring and self-regulation.

7.1 What is reasoning?

Cognition, thinking, reasoning, and decision-making are familiar terms that
are often used in the same context as descriptions of human mental processes,
but what exactly these processes entail is often left unsaid.

Cognition. There is a spectrum of definitions of cognition. According to
Bayne et al. (2019), a narrow view limits cognition to operations on language-
like representations (beliefs, desires, and intentions). A slightly broader under-
standing is that any information processing that is not associative can be called
cognition. However, associations themselves can be divided into sub-cognitive
(habituation and classical conditioning) and cognitive (attention, prediction,
and intentionality). Because the former give rise to the latter and both share
the same neural pathways, the boundary between them is not clear. Another
proposal draws the line between perception and cognition. It has recently
become a point of discussion again courtesy of Firestone and Scholl (2016)
who analyzed a large volume of experimental data to disprove the notion
of “top-down” effects that cognition exerts on
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even finer distinction and exclude only low-level perception. For example, the
term “visual cognition” has been applied to mid- and high-level vision that
performs inference on retinal representations which are the result of low-level
vision (Pinker, 1984; Cavanagh, 2011).

Finally, some suggest that defining cognition is neither necessary nor useful
and propose to instead treat it as an umbrella term for any information-
processing that can be expressed in computational terms (Allen, 2017). Bayne
et al. (2019) go further and suggest abandoning the term “cognition” altogether
in favor of a new vocabulary not saddled with the outdated associations.

Thinking. The scope of thinking also has several interpretations depend-
ing on the discipline. The philosophical investigations of thinking historically
focused on rational discourse, argumentation, and logical inference (Lewis
and Smith, 1993). But other opinions also exist. For example, Paivio (1975)
considered a dual system of thinking consisting of parallel and heuristic per-
ceptual processing and verbal information processing, which is sequential and
analytical. Some psychologists extended the notion of thinking to nearly all
known psychological phenomena in humans (Oden, 1987) and animals (Griffin,
1984). In this broadest sense, thinking is synonymous with cognition as in
any mental activity, including perception, categorization, decision-making, etc.
(Rips, 1990).

A narrow view of thinking restricts it only to the so-called high-level cog-
nitive operations, such as decision-making, judgment, reasoning, and other
verbal activities (Holyoak and Spellman, 1993). Thinking skills may be sub-
divided further into lower and higher order, depending on how the knowledge
is applied. Lewis and Smith (1993) describe this as the difference between
reproductive and productive behavior, respectively. Reproductive behavior is
an extraction of patterns from previous experience and their direct application
in the same circumstances (e.g. learning a multiplication table and applying it
to multiply two numbers). Productive behavior (or reasoning) is equated with
problem-solving with no or little previous exposure to similar problems and in
a new challenging context. However, even if considered as a high-level ability,
thinking is still connected to and affected by perception and motor functions
(Watson, 1920).

Reasoning and decision-making. Various definitions of reasoning likewise
attribute to it a wide range of abilities. Some consider reasoning equivalent
to thinking, e.g. reasoning as infiltrating all thought (Rips, 1990), involved in
any type of symbolic manipulation (Levesque, 1986), or as any mental process
that leads from one mental state to a new one (Fink, 2013). Others restrict
reasoning only to conscious and deliberate revision of beliefs and attitudes
following specific rules (not limited to rules of logical inference), thus excluding
automated, intuitive, or one-step mental processes (McHugh and Way, 2018).
A more principled definition by Galotti (1989) describes four characteristics
of reasoning as 1) a mental activity that 2) transforms premises to reach
conclusions or goals 3) according to rules of logic when possible, which 4) may
lead to the modification, replacement, or deletion of the initial premises.

The distinction between reasoning and decision-making is often framed as
the difference between theoretical and practical reasoning. An intuitive defi-
nition for these terms commonly found in the literature describes theoretical
reasoning as concerned with beliefs and practical reasoning with everything
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else, including actions and intentions (Pollock, 1989). In other words, theo-
retical reasoning expands a view of the world by incorporating new evidence
into existing knowledge in a coherent way while following certain rules of
inference. These rules need not be logical, but must be non-trivial, e.g. ac-
cepting or rejecting all observations or doing so at random is not considered
reasoning (McHugh and Way, 2018). Practical reasoning likewise seeks to
adopt intentions that are consistent with known facts and, ideally, satisfy one’s
desires (Harman, 1976). The two processes are intertwined: practical reasoning
may require theoretical reasoning to explain past actions, and theoretical
reasoning may lead to forming beliefs that lead to new intentions. Omitting
for now the specifics of the mechanisms involved, the key points that are
universally agreed upon are that both types of reasoning are similar but are
applied to different premises and lead to different outcomes (Johnson-Laird
and Shafir, 1993; Legrenzi et al., 1993; Alvarez, 2010).

The following relationship between the terms discussed above can be estab-
lished based on this short review: cognition O thinking O reasoning O decision-
making. In most cognitive architectures, reasoning is treated as a deliber-
ate “high-level” cognitive ability. Few depart from this notion. For example,
Copycat, DUAL, and LISA extend reasoning to all aspects of cognition, from
low-level (perception) to high-level (planning and language understanding)
(Hofstadter, 1984; Kokinov, 1988; Taylor and Hummel, 2007). SHRUTI focuses
on reflexive reasoning, an unconscious and spontaneous inference-making, also
at odds with one of the definitions given earlier (Shastri and Ajjanagadde,
1993).

With respect to the theoretical/practical reasoning divide, the majority
of cognitive architectures pursue either one or the other, with a select few
capable of demonstrating both. As will be discussed in the next sections, the
inference rules and mechanisms are generally the same, supporting theoretical
conclusions in practice.

7.2 Reasoning about beliefs

Our beliefs about ourselves and the world around are constantly evolving,
shaped by new experiences, observations, and interactions. Yet, we are able to
form a relatively coherent picture out of these disparate sources of information.
In this section, we will discuss what role logical inference plays in this process
and how it is modeled in cognitive architectures.

7.2.1 Monotonic and hon-monotonic reasoning

Colloquially, reasoning is strongly associated with logic and rationality. Al-
though both play a role in reasoning, not all reasoning is logical or rational,
therefore logic alone cannot provide a complete theory of reasoning (Harman,
1976).

Formal logical reasoning presumes the completeness of the premises and
their truth, however, both conditions are violated in daily life. Often, everyday
beliefs do not reflect a full understanding of the situation nor all possible
effects of possible actions. This inherently uncertain and hypothetical nature
of beliefs calls for their continuous re-evaluation every time new evidence
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becomes available. As a result, existing beliefs can be extended, modified,
or overturned, and new beliefs can be formed. This is referred to as defeasible
or non-monotonic reasoning.

The standard example of non-monotonic reasoning in classical Al is this:
given the statements that “Birds can fly” and “Tweety is a bird,” one is
justified in concluding that “Tweety can fly” However, this conclusion may
be invalidated by additional statements about Tweety, e.g. “Tweety’s wing is
broken” or “Tweety is a hatchling.”

In contrast, during monotonic reasoning, neither the premises nor the
conclusions derived from them using formal rules can be invalidated by adding
new premises. For example, a statement “2 + 2 = 4” does not change upon
addition of other statements like “Sun sets in the West” to the knowledge base.
A typical example of monotonic reasoning is deduction.

Cognitive architectures are naturally concerned with non-monotonic rea-
soning in the domains with limited information. Many common tasks, such
as planning, making arguments, and choosing among many options do not
operate with full information about the state or effects of actions. These have
to be hypothesized or gradually filled in through experience. The informa-
tion limitations apply to cognitive architectures regardless of whether they
model human everyday reasoning or optimal rational behavior. A number of
techniques fall under non-monotonic reasoning: probabilistic reasoning, ana-
logical reasoning, case-based reasoning, explanation-based reasoning, decision-
theoretic reasoning, and inductive reasoning (Pollock, 1987; Chen, 1991; Loui,
1993).

7.2.2 Types of logical inference

Logical inference is a basic and well-studied form of reasoning. The most
fundamental types of inference are defined following Peirce’s taxonomy (Staat,
1993):

Deduction is an application of rules of inference to the given premises to
reach a conclusion. In a valid deductive argument, the conclusion necessarily
follows from the premises. As such, it is the only type of reasoning that does
not violate monotonicity.

Induction, unlike deduction, is approximate; the conclusion is supported by
the given premises but does not necessarily follow from them.

Abduction is usually described as finding the best explanation of the given
premises. Like induction, it is approximate and is not entailed by the premises.
Analogly is a comparison between two entities that seeks what makes them
similar.

Valid methods of inference and rational thinking have been studied for
centuries in logic and philosophy, and a variety of formal representations
and rules were discovered for performing these operations and explaining
their properties. Research on psychological and biological aspects of human
reasoning is relatively recent in comparison. Over the past decades, mounting

1Even though analogy was originally excluded from Peirce’s taxonomy because it was thought to
be a compound of induction and abduction, we list it here due to its importance in human thought
and attention it received in cognitive architectures.
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Table 7.1 Examples of the cognitive architectures exploring different aspects of theoretical reasoning.

Cognitive architecture Focus

Copycat/Metacat analogy-making

Companion analogy-making

LISA analogy-making

SHRUTI reflexive reasoning

OSCAR defeasible reasoning

Disciple explanation-based reasoning

DUAL deduction, analogy-making

NARS reasoning with insufficient knowledge and resources

psychological evidence shows that people often behave and think irrationally
in practice (Cohen, 1981; Shafir and LeBoeuf, 2002). However, despite multiple
documented instances of human subjects failing to reason logically, the pre-
vailing opinion is that humans are not inherently irrational but rather fail to
apply proper inference procedures in practice (Stein, 1997; Stanovich, 2012).

There is less agreement on what mechanisms better explain observed faults
in human reasoning behaviors. Two main theories of how people reason are
formal rules and mental models (Roberts, 1993):

Formal rule theory suggests that humans possess a natural logic system

which first transforms the information into abstract logical premises and then

applies appropriate rules to reach conclusions. The inconsistencies in human

reasoning can thus be explained by the number and availability of such rules

(Rips, 1983; Braine and O’Brien, 1991).

The theory of mental models proposed by Johnson-Laird and Byrne (1993)

does not assume that there is a natural logic system in place. Instead of

manipulating symbolic propositions according to some rules, humans form

mental models (internal representation) of the problem situation in working

memory (WM) and modify it as new evidence comes in. Human reasoning

proceeds in three stages:

1. Build a mental model (or extend an existing one) with the given premises,
taking into account general knowledge;

2. Draw a provisional conclusion that is not a trivial inference nor a repetition
of the given argument;

3. Evaluate the conclusion by considering counterexamples, and if none are
found, assume the conclusion to be valid.

Unlike the formal rule theory, the mental model theory does not draw an

explicit distinction between deduction, induction, and abduction since all of

these types of reasoning are intertwined in the process of continuous updating

of the internal model and drawing conclusions (Johnson-Laird, 2010).

This distinction is generally not upheld in cognitive architectures: those
concerned with theoretical reasoning (listed in Table 7.1) model some aspects
of human performance, but only in Companion are they explicitly associated
with the theory of mental models (Friedman et al., 2009). Similarly, deduction,
induction, and abduction are not modeled separately, although the mecha-
nisms for these types of inference can be found in virtually all architectures.
Rather, each architecture focuses on a different aspect of reasoning. For exam-
ple, DUAL emphasizes human-like inference and SHRUTI demonstrates the
viability of the connectionist approach to deductive and inductive reasoning.
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Several cognitive architectures focus specifically on non-monotonic reason-
ing. For instance, OSCAR is a general reasoning architecture implementing an
epistemological view of defeasibility. Disciple also examines evidential reason-
ing and mechanisms for determining the relevance and credibility of premises
and conclusions. NARS is another reasoning engine that like the previous two
focuses on establishing the validity of beliefs stemming from lack of complete
knowledge but also takes into account limited resources for reasoning.

Of all reasoning types, analogical inference received the most attention and
will be discussed separately in the next section.

7.2.3 Analogical reasoning

Analogical reasoning is broadly defined as drawing similarities, noticing resem-
blances, and establishing correspondences across different sets of relations and
properties. The ability to compare and notice similarities is considered one
of the fundamental cognitive mechanisms that, besides analogical reasoning
itself, is involved in perception and memory retrieval Hofstadter (2001), is a
prerequisite for other kinds of logical reasoning (Sowa and Majumdar, 2003),
and is integral for the acquisition of representational systems, such as language
or mathematics, and associated skills (Vosniadou, 1995).

In everyday life, analogy is crucial for learning and adaptation as a way
of transferring knowledge from the past experience to new situations. For
example, a person who learned to drive a specific car can fairly easily switch
to a different one. Analogy is also useful for explaining concepts that cannot
be experienced directly, e.g. “electricity flows like water” (Gentner, 2003).

Overall, there are many types of analogies and many ways of catego-
rizing them: by purpose (Waller, 2001), as within-domain or across-domain
(Burstein, 1989), or by the degree of similarity (Gentner, 1983). However,
all kinds of analogies require the same basic steps that are in agreement
with the psychological literature and found in most computational models
(Hall, 1989; Kokinov and French, 2003; Gentner and Forbus, 2011):

e Encoding—building a suitable representation for the given input (target);

e Retrieval (recognition)—retrieving potential similarities, referred to as source
or base, from long-term memory;

e Mapping (transfer)—establishing correspondences between the elements of
the source and target;

e FEuvaluation—checking soundness of mapping to justify, repair, or extend it;

o Consolidation (abstraction)—saving the results for the future use.

The steps above describe only the high-level phases gleaned from human
psychological data, and can be further subdivided into multiple operations and
processes. To date, dozens of theoretical and computational models have been
proposed that omit, extend, combine, or interleave these basic steps (for an
overview, see Hall, 1989 and French, 2002). Below, we discuss several influential
analogy-making models that have been integrated into cognitive architectures
and the cognitive architectures that investigated analogy-making (Table 7.2).

Structure Mapping Engine (SME). SME implements Structure Mapping
Theory (SMT) Gentner (1983), which remains one of the most influential
theories of analogy-making to date. As its name suggests, the theory em-
phasizes the structural correspondence between the source and the target
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Table 7.2 Symbolic, connectionist, and hybrid models of analogy-making and the cognitive architectures
that incorporate them. LISA and Copycat/Metacat include a model of analogy as part of their architecture.

Representation Analogy model Cognitive architecture

Svmbolic SME Companion
y derivational analogy PRODIGY
Connectionist LISA
. AMBR DUAL
Hybrid Copycat/Metacat

domains. According to SMT, the domains and situations can be thought of
as systems of objects, their attributes, and relations to other objects. Objects,
attributes, and relations are represented as a propositional network of nodes
and predicates. An analogy “T is like a B” is defined as a mapping between
domain B (base) and T (target) that follows simple rules: a) the attributes
of objects are discarded; 2) the relations between the objects are preserved.
The key here is that these rules are structural, i.e. they rely on syntax rather
than the content of the statements. Based on these principles, SME computes
a set of global interpretations of the comparison between the base and the
target which contains: correspondences (matches between inputs), structural
evaluation (soundness of the match), and candidate inferences (what follows
from the match) (Forbus et al., 1995).

Since SME on its own can only perform the mapping, another component
was added to incorporate the model into the Companion architecture. This
component, MAC/FAC (“many are called, but few are chosen”), performs
a similarity-based retrieval that provides candidates for mapping (Forbus et
al., 1995). In the first stage, called MAC, the long-term memory is probed by
the cheap matchers that quickly return many candidates that are superficially
similar to the base case stored in the WM. The second stage, FAC, runs in
parallel a number of SME matches which compute the structural alignment
between the base and the candidates and threshold the results to select the
most promising ones.

Derivational analogy. Unlike SMT, the derivational analogy approach pro-
posed by Carbonell (1983) is not psychologically motivated and focuses on
the integration of analogy-making to improve problem-solving. Analogy is
operationalized accordingly: two problems are considered similar if they share
the initial reasoning steps; given a problem, reasoning steps from the past
solutions can be transferred and adapted to a new situation; the adaptation
process retains the past steps that apply directly to the new situation and
replace or modify those that do not. To enable this behavior, past solutions
must be retained in the memory, complete with intermediate steps, and reasons
for their success and failure.

Derivational analogy can be seen as a generalized form of case-based rea-
soning and complementary to explanation-based learning (EBL) (Veloso and
Carbonell, 1993). Case-based reasoning applies analogy in a limited way for
finding the most relevant case out of the library of past cases and adjusts it for
application in the new scenario. EBL is a form of generalization that acquires
general knowledge from several specific examples (DeJong, 1988), which can
be very helpful for retrieving analogies. PRODIGY takes advantage of both
by combining EBL with the derivational analogy (Veloso, 1994) to relax the
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requirement of complete domain knowledge and enable flexible reuse of past
learning episodes.

LISA is a model of relational reasoning which uses a localist neural network
to represent the relations between entities in a distributed fashion: objects, at-
tributes, and types of relations are nodes in the hierarchical network connected
by the edges with activations of varying strength (Hummel and Holyoak,
2005). Unlike the previously discussed models, LISA interleaves retrieval and
mapping: a new problem (target) in working memory (WM) triggers cueing
of the base case from the long-term memory by firing the propositions that
generate patterns of activations. These in turn retrieve analogs back to the
WM for mapping. The units that fire together are reinforced using a simple
form of Hebbian learning (Hummel and Holyoak, 2003).

In LISA, retrieval, mapping, inference, and schema induction are performed
with the same mapping algorithm and self-supervised learning algorithm. In
addition, the capacity of its WM is limited, therefore only three mappings can
be made at a time (Hummel and Holyoak, 2005). In comparison, other models
place no limitations on the size of the WM and number of candidates that can
be retrieved.

Copycat is an architecture that explores creativity in analogical reasoning.
Analogy-making is represented internally as the interaction of multiple concur-
rent agents (codelets) that connect perception, top-down influences from long-
term memory (a semantic network called Slipnet), and bottom-up pressure
from WM (referred to as Workspace). A semantic network with concepts stored
in the nodes and activations propagated along the edges helps capture semantic
context (halo) of the concepts and implement “slippage” from one related
concept to another, useful for retrieval. Much of the behavior of Copycat
is emergent; the solution “bubbles up” through iterative strengthening and
weakening of the links between the concepts.

The model also includes built-in preferences that nudge its behavior in the
desired direction. One is an inclination to seek “deeper” analogies rather than
superficial similarities. Another is stochasticity, expressed as a temperature,
which is kept high in the beginning to encourage the diversity of candidate
solutions and “cools off” when patterns begin to emerge within the set to
encourage convergence on the best solution (Hofstadter, 1994). Copycat does
not model the consolidation stage, as it is reset between every run.

What distinguishes Copycat from other models is that it builds its own
representations from raw human-readable input and combines the process
of encoding with retrieval (Hofstadter and Mitchell, 1994). However, it also
operates in the most restricted micro-domain of 26 letters, so the raw inputs
are fairly easy to parse. All inputs are formatted in the same way, e.g. “abc —
abb; xyz —7.” where the first expression is an example of a transformation
from abc to abb and the second expression asks how xyz can be transformed
in the same way. The output is the resulting pattern, e.g. zyy.

AMBR is a model of analogical reasoning based on the DUAL cognitive
architecture (Kokinov, 1994b). As it is the most recent of the models discussed
here, it combines many of the features of other models. It has similarities to
Copycat in that analogical common-sense reasoning emerges from the interac-
tions between multiple agents, although the structure of the agents is different.
In AMBR, each agent has a symbolic part that encodes declarative/procedural
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knowledge and a connectionist part that computes the activation level asso-
ciated with relevance of knowledge. Similarly to LISA, retrieval and mapping
are a result of the interactions of multiple agents, but with no limitations as
to how many can operate at a time.

7.3 Reasoning about actions

The process by which complex behaviors arise is studied across many dis-
ciplines. In psychology and neuroscience, it is framed as behavioral choice,
motor program selection, or decision-making (Prescott, 2008), whereas in Al
it has been referred to as the action selection problem (Maes, 1989). In general
terms, the process of choosing what to do next can be described as an infinite
three-step loop (Hayes-Roth, 1985a): 1) identify a set of next possible actions;
2) select the next action from the set; 3) execute the action.

The assumptions often made in the literature are that behavior is a) di-
rected by a goal or is a response to an event and b) can be recursively
subdivided into chunks, the smallest of which are called actions. Not all actions
should result in a motor movement; some may not even have any external
expression, but instead set a new goal to pursue (Pirjanian, 1999).

Both goals and actions can be considered at different levels of abstrac-
tion. On the highest level, most biological organisms pursue propagation of
their genes and survival (Dawkins, 1976). Ethology recognizes the groups
of functionally related behaviors that help reach these goals, such as body
maintenance, feeding, reproduction, care for offspring, etc., which themselves
can be further discretized (Tyrrell, 1994). Neurobiological analysis of behavior
also functionally decomposes it into multiple levels of selection, where higher
levels decide on the goals and patterns of activities to reach them, and the
bottom level converts these decisions into muscular activations (Redgrave
et al., 1999). Similarly, in AI, action selection encompasses mental activity
(setting goals and forming beliefs) and physical acts (moving a joint) (Oztiirk,
2009).

In sum, the consensus is that in both biological and artificial systems action
selection is modular and hierarchical (Oztiirk, 2005) with the basic selection
loop replicated across modules and levels of decision-making. What constitutes
atomic action, however, is context-dependent. Even in everyday speech, we can
describe the same action in different ways. For example, grabbing a cup can be
considered a single act or decomposed into three physical actions of reaching,
grasping, and moving. On a higher level, one can also include a feeling of thirst
and forming an intention to drink preceding the physical action. On the lowest
level, these actions are further decomposed into motions of the individual joints
and neurons that drive them. In most embodied artificial systems, atomic
elements usually refer to discrete physical actions at the “middle” level, but,
ultimately, the number of primitives and their resolution depends on the design
of the architecture and the task.

7.3.1 Selecting the best action

There is a general agreement across multiple disciplines as to what constitutes
a good choice of action. The following list of desirable features for action
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selection is compiled from multiple sources (Simon, 1956; Tyrrell, 1994; Pirja-
nian, 1999; Redgrave et al., 1999; Brom and Bryson, 2006; Prescott, 2008):

Appropriate. The most obvious criterion is that the action should be appro-
priate for the external circumstances and intrinsic demands. The probability
of selecting a certain action should increase if it is more relevant to the current
situation and has a better chance to satisfy a need. If there are multiple factors
that motivate the use of the action, it should receive even higher support.

Sufficient. The selected action does not necessarily have to be optimal, merely
good enough. This is also referred to as satisficing.

One action at a time. This applies to both mental and physical actions.
While a system can maintain multiple goals, it must select one to pursue at
any given moment in time. Similarly, a single action must be chosen among
the alternatives competing for the same effector.

Timely. Decision on taking an action and the physical action itself should
be commensurate with the rate of change in the environment to increase the
robustness of the system to dynamic and unpredictable changes.

Persistent. An action, once taken, should be maintained for a sufficient
amount of time. Otherwise, if there are alternative actions with similar rele-
vance, the system may start to oscillate between them, diminishing the effect
of the action.

No interference. Other actions should not interfere with the selected action
by canceling its effects or invalidating the conditions for its operation.

Interruptible. An action selection mechanism should allow interruptions to
respond to urgent contingencies or switch to the action with better support
should it become available.

Clean switching. Selecting an option among alternatives should be quick
and decisive to avoid idleness after the previous action was completed or
interrupted.

It is not difficult to notice that some of these requirements are contra-
dictory: persistence is at odds with interruptibility since timeliness restricts
the amount of time available for assessing the appropriateness of actions.
For example, an action that has immediate benefits may be worse in the
long term and a suboptimal action should be taken instead. One can also
imagine a situation where deliberation or the action cannot be completed in
time and must be halted. Therefore, a mechanism is needed for determining
which situations demand an urgent response and which leave time for more
deliberation. In the next section, we will discuss how the existing action
selection mechanisms propose to address these issues.

7.3.2 Dimensions of difference

There are several dimensions of differences that are often used to delineate
approaches to action selection in biological (Oztiirk, 2005) and artificial sys-
tems (Pirjanian, 1999). Here, we will consider the three most common ones:
reactivity vs. planning, hierarchical vs. non-hierarchical, and competitive vs.
cooperative coordination.
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Reactivity/deliberation

In artificial intelligence (AI), action selection mechanisms can be seen as
spanning the spectrum between fully reactive and fully deliberative approaches
(Rosenschein and Kaelbling, 1989; Wood, 1995; Bryson, 1999). The latter is a
classical Al paradigm that views behavior generation as a two-step process—
planning followed by execution.

Typically, planning requires three inputs: 1) the initial state of the world
and the agent, 2) the agent’s goal, and 3) a set of actions and constraints
(domain theory). Given that the inputs are correct, a planner then outputs a
sequence of actions that will take the agent from the initial to goal state. The
execution of the plan is trivial—the actions are interpreted and applied to the
world to achieve the desired result. The key theoretical issues with planning
are its computational intractability for most non-trivial tasks (Chapman, 1987)
and unfeasibility of constructing a complete domain theory (Ginsberg, 1989).
The key practical issue with planning is that it takes time, therefore un-
expected events that outpace planning or occur during planning cannot be
addressed. Even a minor change in the external conditions will prompt a new
cycle of deliberation, potentially stalling the system indefinitely. This limits
the application of planning to the static or highly predictable environments
where the agent is the primary driver of changes.

On the opposite end of the spectrum is reactive control, which foregoes
explicit reasoning and prescribes behaviors directly by mapping sensory input
onto motor commands. Because no deliberation and no state maintenance is
necessary, an action can be chosen much faster. This is an advantage in quickly
changing environments, however, lack of deliberation also makes anticipating
future events impossible.

While a complex system constructed entirely out of reactive actions is
theoretically possible, it is rarely done in practice. The Subsumption archi-
tecture that pioneered this approach showed that a purely reactive system
could give rise to interesting behaviors, mostly limited to navigation and
following (Brooks, 1990). However, it was quickly discovered that most non-
trivial tasks cannot be done without deliberation and memory (Hartley and
Pipitone, 1991).

Therefore, the vast majority of cognitive architectures use a mixture of
reactivity and deliberation in deciding their next action. Reactive actions
are represented as the deterministic sensorimotor processes that are executed
without deliberation. In this sense, they are somewhat analogous to reflexes in
biological systems. There are many examples of reactive behaviors in cognitive
architectures, most of which fall into the following categories:

e Protective. Prevent damage to the body by using special devices (e.g. touch
sensors) or limiting the range of motion. These are naturally found in
embodied systems.

e Basic motor actions. Basic primitives for moving body parts. These primi-
tives are platform-dependent as well.

e Innate responses. Predetermined preferences are not always designed to
protect the body, and can also serve as a scaffolding for learning more
complex skills or arbitrary personality preferences.

e Learned shortcuts. As the system interacts more with the world, some ac-
tions may be learned to be invoked automatically.
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Off-line planning is also used in several cognitive architectures, but as
a high-level guidance rather than as a means of specifying all steps. This
approach received the somewhat contradictory name of reactive planning and
was widely popular in the 1990s across a number of robotic architectures, such
as 3T, ATLANTIS, CIRCA, PRS, and TCA. All of these architectures use
classical state-based planners to provide high-level guidance for Subsumption-
like reactive components that convert high-level behaviors into motor actions.

Nearly all remaining cognitive architectures implement dynamic action se-
lection, where high-level reasoning and the decomposition of tasks into smaller
chunks are tightly interleaved with low-level dispatch of motor actions. Black-
board and production architectures and their variations are obvious examples.
In these systems, at every decision cycle, available actions are matched against
the current context and one (or sometimes more) is selected for execution
(the criteria for selection are discussed below). The action may be a motor
command or a high-level operation, such as updating a goal or creating a new
one. Thus, interleaving the task decomposition and execution of primitives
ensures that the decisions are up to date with the external conditions and the
internal state.

Hierarchical/non-hierarchical

Another dimension along which decision-making mechanisms are differentiated
is their representational organization, with hierarchy being an important type.
According to a classical definition by Dawkins (1976), two entities A and B
are hierarchically related if A “is a boss” of B. “Boss-ness” broadly means that
A is superior to B (e.g. A has a direct or indirect causal effect on the state
of B). The definition is recursive; any boss of A is also a boss of B and any
element of which B is a boss is subordinate to A as well. Thus, hierarchy is a
set, which satisfies two conditions: 1) no element in the set is superior to itself
and 2) one element is superior to all others.

The simplest hierarchy is a linear one (e.g. A — B — (') but most tree-like
structures are also considered hierarchical. Cyclic structures and networks are
typical examples of non-hierarchies, but for different reasons. Cyclic structures
are non-hierarchies because there is no top node, while most networks are
non-hierarchies because of multiple top nodes. One can argue, of course, that
at a different abstraction level networks can be considered overlapping sets of
hierarchies or that layers of neurons, not the individual units, form a hierarchy.
Finally, the presence of feedback connections, particularly those linking distant
elements, disrupt the hierarchical relationships.

Various types of hierarchical structures have been found in human behav-
ior and their underlying neural representations (Dawkins, 1976; Botvinick,
2008; Raut et al., 2020). Hierarchical organization is also common in artificial
systems (Wilson, 1979; Merel et al., 2019). Cognitive architectures are no
exception, however, deciding whether any given architecture has a hierarchical
or flat control structure is not easy. There are several reasons for this. First,
decision-making mechanisms are often not labeled as hierarchical or otherwise
by the authors. Anyone attempting to deduce such labels from the written
descriptions will often find them difficult to locate and incomplete, especially
if decision-making is not the focal point of the architecture. Furthermore,
depending on the level of abstraction, the same mechanisms may be interpreted
as hierarchical or flat (e.g. neural networks mentioned earlier). The same
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concern applies to graphical depictions of cognitive architectures, which also
may impose a hierarchical structure where there is none or fail to show it
when it exists. Finally, the hierarchical structure of the architecture itself or
the hierarchical representation of the procedural knowledge can be conflated
with hierarchical control.

Let us consider several examples to illustrate the difficulties in charac-
terizing the hierarchical nature of control. For instance, in the Subsumption
architecture, action selection can be viewed as hierarchical (Epstein, 1992b).
The reason for this categorization is that individual behaviors are organized
such that more complex behaviors at the top “subsume” (override) the sim-
pler ones below. And yet Subsumption is more often seen as non-hierarchical
(Brooks, 1985; Brooks, 1991; Byrnes et al., 1992; Spector and Hendler, 1994;
Oztiirk, 2005) because higher level behaviors do not directly call lower ones,
but rather suppress their independently made selections.?

Another representative example is the three-layer architecture. Here, the
hierarchical structure is also noticeable; the deliberative layer plans the next
steps that guide the scheduling layer in the middle and the bottom reactive
layer, which invokes the motor commands. The 3T and ATLANTIS both
adopt this approach (Gat, 1998) and are described as having a control hi-
erarchy (Schreckenghost et al., 1998; Pirjanian, 1999). However, the authors
of ATLANTIS claim that its decision-making is not hierarchical (Gat, 1991b).
Instead, all decision-making happens in the middle layer, which monitors
progress, commands the reactive layer to act, or prompts the deliberative
layer for more planning. The RCS architecture combines the elements of
Subsumption and layered architectures within the pronounced hierarchical
structure (Albus, 1991). The modules of the system are organized in layers with
defined functional roles (from high-level planning to reactivity) and resolution
(spatial and temporal). Each module itself is hierarchical as well, consisting
of a high-level planner, the plan selector, and executor. The functioning of
the system, however, is closer to Subsumption in the sense that each module
operates independently, and the overall behavior is coordinated via nested
feedback loops. FORR demonstrates yet another variation on hierarchical
structure (Epstein et al., 2010). Here, individual modules called advisors are
organized in three tiers. The tier-1 advisors are reactive and guaranteed to be
correct. If they cannot respond to a situation, the advisors from tier 2 above
are consulted and produce a set of options. If a selection cannot be made, then
the tier-3 advisors vote to make the final choice.

On the other end of the spectrum is the non-hierarchical control structure.
Perhaps, the best known example is Maes’s (1991) Agent Network Architecture
(ANA), which is organized as a recurrent non-hierarchical network with nodes
representing reactive actions. Each node has a set of preconditions that define
when it can be activated and links to other nodes. At every cycle, the sensory
information and the internal state are fed into the network. Those nodes whose
preconditions match the input are activated and spread the activation further

2Tyrrell (1993) even argues that subsumption is not an action selection mechanism but rather
a computational substrate that can implement any selection algorithm. In truth, the same can
be said about most cognitive architectures. However, in case of the Subsumption architecture, its
many instances built for various robots tend to have a similar structure. Likewise, most cognitive
architectures tend to commit to certain representations and mechanisms even though they can
accommodate other options.
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along the successor and predecessor links. An inhibition signal is spread along
the conflictor links. Finally, the one with the highest activation is executed.
Then, the cycle repeats. If no node can be executed, matching criteria are
gradually relaxed. This organization is highly modular and robust, which is
an advantage in many applications. Copycat is another example of largely
non-hierarchical decision-making. In Copycat, actions and decisions emerge
from the interaction between multiple computational agents (codelets). Which
codelet’s output is selected is decided dynamically, thus none are prioritized
over others by default (Hofstadter, 1984).

The mechanisms introduced in ANA and Copycat are found in many ar-
chitectures but almost always mixed in with some hierarchical elements. For
example, VMattie combines ANA and Copycat, and Kismet, LIDA, ERE,
Ymir, and IMA mix the behavior networks with the Subsumption-like hi-
erarchy. The production systems, such as ACT-R, Soar, EPIC, and CAPS,
also have elements of non-hierarchical control. The production rules in these
systems are analogous to the nodes in ANA or the codelets in Copycat, and
likewise respond to input and output actions if selected. Activation spreading
is generally done through the memory and in some cases is mediated by a goal
stack.

In sum, hierarchical and modular structures are found across all cogni-
tive architectures but very few implement strictly hierarchical or strictly flat
control. Even when decision-making is organized according to levels of task
abstraction, spatio-temporal resolution, and reactivity, feedback loops are in-
troduced that break the hierarchy. Likewise, flat non-hierarchical control struc-
tures often have an implicitly hierarchical organization. For example, links be-
tween the modules can specify successor-predecessor relationships (which may
be temporary and dynamically adjusted). In addition, hierarchical knowledge
representation can be used to guide decision-making from goal-setting to motor
command execution.

Competitive/cooperative coordination

Different subsystems connected to the same actuators may request control at
the same time. The outcome and the resulting action depends on what type
of conflict resolution mechanism is employed. Strictly competing mechanisms,
such as priority-based or winner-take-all, will allow only one action to take
control or a single goal to be prioritized. This scheme does not allow multiple
non-conflicting actions or goals to be achieved. Cooperative coordination of
behaviors combines contributions from multiple actions and reaches an action
or actions that represent consensus between them.

Overall, arbitration is more common than coordination and the difference
between approaches is mainly based on the criteria for selection as listed
in the next section. An example of cooperative action selection is Copycat,
where many concurrently running agents contribute to the final solution with
a global mechanism controlling the amount of stochasticity in their behaviors
(Hofstadter, 1984). Along similar lines, the blackboard-based architectures
combine contributions from multiple knowledge sources, which respond to
different events and influence one another through the shared information
(Hayes-Roth, 1985a).
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7.3.3 Action selection criteria

Regardless of the action selection mechanism, decisions are always made based
on a set of criteria. Below, we will discuss some of the most common ones.

Relevance is the most basic condition for action selection, regardless of the
abstraction level. Suitability of the action can be determined as relevance to
a) the goal/task, b) the external situation, or c¢) some combination of the two.
However, relevance alone is often not sufficient for choosing a single action to
execute, as two scenarios may potentially occur:

e Many actions are relevant. In this case, additional criteria are needed to

increase chances of a match or modification to the goal.
e No actions are relevant. In this case, the system may relax the matching
conditions, backtrack, or abandon the goal altogether.

Utility of the action is usually determined by its past use. For example, in
ACT-R, if more than one rule matches the contents of the working memory
(WM), the one with the higher probability of success is selected. To avoid
selecting the same actions, there is a small chance that a less optimal action
will be selected to encourage exploration.
Urgency is defined as a temporal limit on the execution of an action (e.g.
running out of battery or responding to a concurrent event), however most
cognitive architectures do not consider the influence of time on task perfor-
mance.
Priority is a more general concept, which can be computed using some or
all criteria listed above. Another common solution is to predefine priorities for
certain actions or high-level goals. This by design happens in the hierarchical
systems where higher level layers of control have higher priority than the lower
ones (e.g. Subsumption, RCS). In some architectures, the priorities of high-
level goals are hard-coded (e.g. ARCADIA, CERA-CRANIUM).

7.3.4 Behavior modulation

That behavior modulators, such as emotions, moods, feelings, and personality
traits, play a role in decision-making has been known for most of the 20th
century. It is now believed that emotions may even supersede rational delib-
eration in their influence. However, this line of research only saw significant
uptake beginning in the 2000s (Lerner et al., 2015).

Modeling emotion in cognitive architectures followed a similar timeline,
thus most of the earlier architectures lacked any mechanisms for it. While any
cognitive architecture can be “retrofitted” with emotions, it is rarely done.
Overall, only one-third of the projects we considered model internal motiva-
tion, many of them relatively recent. A notable exception is Soar, which added
support for emotional decision-making in version 9 (Laird, 2008). Although
many affective augmentations were proposed for ACT-R, they have not yet
been made a part of the core architecture. Across cognitive architectures, three
major components of behavioral modulation can be found—drives, emotions,
and traits—which will be discussed below in more detail.

Drives

The concept of drive has a long history, originating in the early studies of
instinctual animal behavior (Lorenz, 1935; Tinbergen, 1951). In humans, drives
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are also considered as innate factors that motivate behavior and bias it in a
certain direction (Brigandt, 2005). Usually, drives represent basic survival and
reproduction needs, but there are also secondary drives that may be induced
by external stimuli, such as social, thermal, and chemical (Burghardt, 2019).
The sense in which the term “drive” is used in the Al literature is as an innate
basic physiological and social need, e.g. body maintenance, social interaction,
self-preservation, etc. Many drives, such as rest and feeding, have a cyclical
and homeostatic nature, meaning that they slowly increase over time and exert
more and more bias toward the actions that bring them back to the original
value.

Drives are generally not common in cognitive architectures. Kismet, Mi-
croPsi, and Clarion are the only architectures where drives play a significant
role. In particular, Kismet’s entire behavior is controlled by three drives:
social, stimulation, and fatigue (Breazeal, 2003a). Each drive is associated with
accompanying consummatory behavior(s), such as playing with people, playing
with toys, or sleeping. Without appropriate stimulation, drives gradually rise
until satiation. Drives perform three functions: 1) bias behavior selection
toward actions that satiate the drive, 2) generate a goal which organizes
behavior and perception, and 3) influence the robot’s affective state (further
discussed in the subsection below).

MicroPsi refers to drives as demands of the system associated with specific
urge signals. These urges and corresponding drives are grouped into three cat-
egories: physiological (fuel, water, intactness), social (affiliation), and cognitive
(certainty, competence) (Bach, 2011), although a broader range has also been
proposed (Bach, 2012b). Similar to Kismet, urges are fixed and hardwired as
parameters that tend to deviate from their target values and are maintained
within an acceptable range by promoting certain behaviors. What is different
here is that the behaviors and situations that satisfy needs are not predefined,
but are learned instead via reinforcement learning (Bach, 2011).

Another example is Clarion, which separates basic physiological needs (food,
water, reproduction) from what are called the high-level primary drives, such
as dominance, fairness, and deference. Drives, such as hunger, encoded implic-
itly in the motivational system are then used to generate explicit goals, e.g.
to find food (Allen and Sun, 2016).

Even systems that do not ascribe to drives often have the machinery to
do so, and many implement some drives implicitly. For example, NARS is
positioned as a reasoning engine with explicit goals as the only motivation.
However, it implicitly includes some drives, similar to the cognitive ones de-
clared by MicroPsi, by virtue of its processing procedures and policies (Wang et
al., 2016). CERA-CRANIUM sets a meta-goal of keeping a positive emotional
state, which can also be considered a drive® (Moreno et al., 2007). Similarly,
avoidance of bodily harm embedded in the procedural knowledge of most
robotic architectures can be considered a primitive drive of sorts.

Emotions

Broadly defined, emotions are the innate and hardwired mechanisms that
perform many functions, such as directing attention, guiding decision-making,

3The authors refer to it as personality rather than drive.
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and facilitating efficient action in changing circumstances. Although the impor-
tance and effects of emotions on cognitive processes are generally not disputed,
there are a variety of theories of emotion that diverge on the nature of emotions
and mechanisms of their emergence.

The psychological theories of emotion are divided into basic and dimen-
sional. Proponents of the former argue that emotions are composed of a
finite set of basic entities, such as anger, fear, joy, etc. The main issue with
this categorical representation is that there is no agreement on the basic
emotions. Different theories list anywhere from 2 (pain and pleasure) to 24
basic emotions, with most lists containing an overlapping set of 4 to 6 basic
emotions (e.g. anger, happiness, sadness, and fear) (Zall and Kangavari, 2022;
Cambria et al., 2012). Some of this variation is due to the fuzziness of the
emotions themselves, for example, happiness is similar to joy and anger to rage.
The dimensional theories of emotions address this issue to some extent and
argue that emotional experience is non-specific and often cannot be described
as a single emotion (Ortony and Turner, 1990). For example, fear and anger
that are part of nearly all lists of basic emotions are themselves strongly
correlated and therefore cannot be clearly distinguished (Gray et al., 2001). As
an alternative to categorical organization, emotions can be thought of as areas
in the space spanned by two axes—valence (positive or negative) and arousal
(intensity) (Russell and Barrett, 1999). But, despite its advantages, a 2D model
is also not adequate for describing a full range of emotional experiences. For
instance, anger, sadness, and disgust are all characterized by negative valence,
but cannot be distinguished by arousal alone.

Cognitive architectures that implement emotions are equally divided with
respect to definitions. Half of the architectures follow a discrete approach:
Kismet lists 8 emotions (including 3 expressive states) (Breazeal, 2003a),
SS-RICS—6 (Long, 2017), CERA-CRANIUM—5 (Moreno and de Miguel,
2006), MAMID—4 (Hudlicka and Broekens, 2009), and CoJACK—3 (fear,
fatigue, and stress) (Evertsz et al., 2007). In all cases, discrete emotions are
defined by their valence and intensity. A dimensional approach is chosen in
Sigma (Rosenbloom et al., 2015b), Soar (Marinier III et al., 2009), Clarion
(Wilson, 2012), and MicroPsi (Bach, 2012a). Although internally emotions
are modal, i.e. represent regions in the emotion space, they can be mapped to
the categorical emotions.

Another point of contention is how emotions arise, specifically what stimuli
elicit emotions, how valence and intensity of emotions are determined, and
what mechanisms and representations are involved. The currently dominant
view is that emotions are a result of appraisal (assessment) of external and
internal stimuli, which in turn lead to changes in behavior and the state of
the agent (Moors, 2014). A number of theories have been proposed that differ
in the number of dimensions for appraisal and mechanisms involved (Gratch
and Marsella, 2015). As many of these theories are described in computational
terms, they are good candidates for inclusion in the architectures. To explain
how emotions are implemented in cognitive architectures, we will look into
Kismet, MAMID, and MicroPsi.

Kismet (Breazeal, 2003a) combines elements of multiple appraisal theories,
such as (Frijda, 1994), (Lazarus, 1994), and (Scherer, 1994). Perceptual in-
formation is evaluated with respect to hand-crafted releasers, e.g. desirability
of stimulus, speech prosody, threat from stimulus, and goal achievement. The
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result of appraisal according to these criteria is a set of somatic markers (tags)
that specify arousal (A), valence (V), and stance (S) of the percept (following
Damasio, 1994). Emotions in Kismet are defined within a 3D space spanned by
arousal, valence, and stance axes. Therefore, A, V, and S contributions from
each percept are combined to determine the activations of specific emotions
within this space. Finally, a winner-take-all process decides which emotion will
take control of the behavior and will be reflected in the facial expression of
the robot.

MAMID incorporates elements of multiple appraisal models by Smith and
Kirby (2001), Ellsworth and Scherer (2009), and Sloman (2002). The model’s
affect appraiser module derives the affective state in terms of valence and
four basic emotions from external data, internal representation (situation and
expectations), and the current goal. Appraisal is done on two levels: low-
resolution automatic assessment relies on the universal emotion elicitors, such
as novelty and threat, to generate positive or negative affect. High-resolution
categorical appraisal uses cognitively complex elicitors to generate a vector
of basic emotion intensities. Emotions affect action selection by changing the
parameters of processing, as indicated by the empirical data. For example,
anxiety and fear reduce attentional and WM capacity, therefore when these
emotions are sufficiently activated, decision-making may become impaired
(Hudlicka, 2007).

MicroPsi commits to the OCC theory of emotions (Bach, 2012a) but un-
like Kismet or MAMID, it captures emotions implicitly and uses a larger
number of affective dimensions. In addition to valence and arousal, MicroPsi
introduces four more—resolution, selection threshold, goal directedness, and
securing rate. These modulators modify access to the memory, perception,
action selection, and execution. The values of modulators are determined by
the urgency and importance of motives (demands and associated goals) and
the ability of the agent to fulfill the tasks that will satisfy them (Bach, 2012b).

Traits

Traits are permanent behavioral characteristics that consistently bias decision-
making throughout the lifetime of the organism. Unlike emotions, traits are
dispositional, stable, and organized constructs. In the psychological literature,
distinction is made between temperament and personality. Although both
are trait-like, temperament is believed to be innate, biologically-based, and
heritable. Personality is affected by temperament but is much broader and
encompasses a variety of individual differences in skills, habits, and social
behaviors (Gray et al., 2001). In cognitive architecture research, traits have
not received a lot of attention. For example, among the cognitive architectures
we reviewed, only four describe personality traits. Out of these, only MAMID
natively supports traits.

BB1 is a blackboard architecture that does not natively support personality
traits. An instance of the architecture was later used to implement characters
for Virtual Theater (Rousseau and Hayes-Roth, 1997). To make the behaviors
of characters more realistic, they were imbued with personalities. The imple-
mentation is loosely based on the trait and social learning theories. Based
on the trait theories, a personality profile has a fixed number of basic traits
that are assigned a numeric value (here, in the range [—10,10]). To make
personality less rigid, personal experiences can influence expression of traits
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in relevant situations. To enable this, weights in the range of [0, 1] and numeric
priorities are manually assigned to tie traits to actions for various situations.
At runtime, the action that has the highest value (product of trait value and
assigned weight) is selected as the most consistent with the current personality
profile (Rousseau and Hayes-Roth, 1997).

MAMID likewise follows a parametric route for defining personality but
in a more systematic fashion. The model encodes four dimensions of per-
sonality traits—extraversion, stability, conscientiousness, and aggressiveness.
These traits are in turn mapped onto internal parameters of the model, such as
capacity and processing speed of various modules, global time and capacity re-
quirements, threat level, and salience (Hudlicka, 2010). During runtime, these
parameters cause small changes in the architecture processing. For example,
they can limit the number and types of cues captured by the attention module,
or bias selection of goals. As a result, variations in behavior of the agents can
be observed (Hudlicka, 2005).

Personality can also be expressed through the parameters governing emo-
tions or drives. For example, in SS-RICS, personality is tied to the parameters
that regulate the weight of emotions in the equations for decision-making. By
setting permanent values for specific emotions, one can design a personality
which is mostly happy or easily surprised (Long et al., 2015). MicroPsi ad-
vocates defining personality in terms of the demands (drives), specifically the
parameters that govern effects and dynamics of drives (Bach, 2012a). In either
case, there is an unresolved issue of mapping these parameters to common
personality models, e.g. Big Five (Long, 2017).

7.4 Reasoning about reasoning

Meta-reasoning, according to Flavell’s (1979) popular definition, is “thinking
about thinking” and encompasses a broad set of abilities that introspectively
monitor the internal processes and reason about them (Rhodes, 2019).

7.4.1 Meta-reasoning abilities

Meta abilities are essential for human cognition. It is generally agreed that
meta-reasoning performs three main functions: monitoring, control, and learn-
ing (Anderson and Oates, 2007; Winne and Azevedo, 2014; Norman et al.,
2019; Rhodes, 2019). These functions operate together and enable one another.
Monitoring internal state and activities requires analyzing them with respect
to the past, present, and future goals. Meta-cognition can be directed at the
past and explanatory through retrospective analysis of mistakes. It can also
provide an immediate introspective validation of current behavior. This high-
level information about validity and applicability of what has been done in the
past and is being done currently can be used to regulate the activities and learn
new strategies for the future. As a result, meta-cognition can anticipate effects
of behavior on expected or desired future goals (Winne and Azevedo, 2014; Cox
et al., 2022).

Approximately half of the cognitive architectures have meta-cognitive abil-
ities of some kind. Below, we categorize them using the taxonomy established
in the psychological studies:
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Monitoring. Self-monitoring is the most basic meta-cognitive mechanism
that enables collection and analysis of the data representative of all aspects of
the performance and internal state of the system. This includes, for example,
maintaining estimates of validity and applicability of knowledge, either via
explicit reasoning to remove the inconsistencies and assert epistemic prefer-
ences, as in Companion (Friedman and Forbus, 2011) and GLAIR (Shapiro
et al., 2007), or in probabilistic terms as in Clarion (Sun et al., 2016) and
Soar (Laird, 2012b). Monitoring also applies to keeping track of available
computational resources. This is particularly important for maintaining a
sustained level of performance in critical situations. Some examples include
ICU patient monitoring by AIS-based Guardian (Hayes-Roth et al., 1995) and
application of COGNET to an air-traffic control task (Zachary et al., 2000).
Control. Meta-control of execution uses the results of monitoring to align
decision-making with the intended goals and available resources. PRS pro-
vides a good illustration of the benefits of meta-control in different contexts:
improving efficiency of tree search for two-player board games (Russell and
Wefald, 1988), determining the amount of deliberation and the utility of
replanning during the control of a simulated underwater vehicle (Ogasawara
and Russell, 1993), and modifying system goals to respond to detected failures
during spacecraft operation (Georgeff and Ingrand, 1989). Another applica-
tion of self-control is demonstrated in Metacat. Here, self-control relies on
the identification of recurring activity from self-monitoring data and breaks
the cycle by focusing on a different goal instead of continuing indefinitely
(Marshall, 2002).

Learning. Meta-knowledge generated from self-monitoring and past instances
of self-control is no different from other declarative and procedural knowledge,
except for being self-referential. Therefore, the same learning mechanisms can
be used to modify and discover meta-knowledge. Commonly, this is done in a
trial-and-error fashion, where the system records its successes and failures and
uses them to express probabilistic chances of success of actions or strategies. In
ACT-R, from the early versions of the architecture, the utilities of production
rules were updated (Bothell, 2017) and a similar mechanism was eventually
introduced in Soar (Laird et al., 2012). Reinforcement-like update mecha-
nisms for procedural knowledge can be found in other architectures as well,
e.g. SAL (Vinokurov et al., 2013) and FORR (Epstein and Petrovic, 2008).
PRODIGY explicitly analyzes the traces of past problem-solving episodes.
Meta-information saved for each node in the inference tree (current, failed,
successful, and unexplored goals) is used to create new control rules to be
applied in similar situations (Borrajo and Veloso, 1994). Meta-knowledge can
also be applied to regulate learning itself. For example, FORR monitors its
own learning and is able to start anew if progress is insufficient (Epstein and
Petrovic, 2008).

7.4.2 Theory of mind

Besides self-monitoring and self-regulatory functions, meta-reasoning is essen-
tial for social cognition. Interactions with other agents depend on acknowl-
edging and understanding their mental states and the ability to predict their
behavior, which in turn informs one’s own decision-making. In the psycholog-
ical literature, this is known as theory of mind (ToM). Historically, much of
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the ToM research focused on the developmental changes that occur in children
between 2 and 5 years old. During this period, children gradually form an
understanding of the knowledge and beliefs of others (Carlson et al., 2013).
To assess their progress, several paradigms were developed, the most common
of which is the location false-belief task pioneered by Wimmer and Perner
(1983). During the experiment, the subjects are told a story about Maxi, who
puts chocolate into a cupboard z. While Maxi is away, his mother moves the
chocolate to a different cupboard, y. The subjects are then asked where Maxi
will search for the chocolate when he returns. Answering the question correctly
(cupboard z) requires an understanding that others may have different beliefs
and that those beliefs may be incorrect sometimes.

ACT-R, Soar, Polyscheme, and Sigma are among a few architectures that
model aspects of ToM, however neither uses a standard psychological setup. In-
stead, ACT-R and Polyscheme explore teamwork interaction scenarios. ACT-R
models the behavior of a two-person patrol team instructed to proceed to two
different stations at the sound of alarm. If both arrive at the same station,
one of them should go to another station. Making a decision about where
to go without seeing the other person requires a theory of what one would
do in a similar situation (Kennedy et al., 2008). A different patrol scenario
involves a robot-human team who initially are told to guard the south area
of the building but, as they start, the instructions are changed asking them
to head west. When the human starts walking south, the robot is expected
to realize that the human did not hear the instructions and remind them of
the most recent instruction (Trafton et al., 2013). Polyscheme investigates a
perspective-taking interaction scenario in which robot and human stand in a
room with two traffic cones and multiple occluding elements. At some point,
the human gives the robot a command to move toward a cone, but does not
specify which of the two cones in the room. In the scenario where the human
can see only one cone, the robot is expected to take the human’s perspective
and use this information to disambiguate the command (Trafton et al., 2005).

Soar and Sigma explore ToM in the context of games. In particular, Soar
focuses on adding anticipation to the Al opponent for the death match version
of the popular 3D first-person shooter Quake II. Whenever the enemy agent
is sufficiently close, the Soar agent assumes the perspective of the enemy and
its mental state to predict its action, e.g. heading for health (Laird, 2001).
Finally, Sigma focuses on the single-stage simultaneous-move games, such as
the Prisoner’s dilemma and Stag hunt, and a sequential Ultimatum game
(Pynadath et al., 2013). All three, originating in game theory, have been
adopted by psychological studies of social interactions (Krueger et al., 2020).

Despite the differences in scenarios and architectural designs, the mecha-
nisms for enabling ToM across these architectures are conceptually similar and
all involve mental simulation. ACT-R spawns a submodel with identified beliefs
and goals of the other agent and uses this submodel to simulate the other
agent’s decisions (Trafton et al., 2013). Since running an additional instance
can be costly, other architectures develop leaner solutions. Soar uses a specially
constructed set of rules to represent the other agent’s knowledge and decisions
(Laird, 2001). Similarly, Polyscheme has dedicated schemas for this purpose
(Trafton et al., 2005). Finally, in Sigma, the independent decision-making of
the other agent is represented as an additional dimension within its graphical
representation to minimize the computation (Pynadath et al., 2013).
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7.5 Summary

Some form of reasoning or decision-making is involved in most cognitive
functions, from perception to logical problem-solving. Reasoning is often
further subdivided into theoretical, which operates on and results in be-
liefs, and practical, which proceeds from beliefs to intentions and actions.
However, this separation is somewhat artificial since theoretical reasoning is
often a part of deciding to act and mechanisms used by both are conceptually
similar.

Although logic is often associated with theoretical reasoning, everyday hu-
man reasoning is not always logical, rational, or optimal. Instead, it relies
on potentially incomplete and uncertain premises, which can be modified
or nullified by new information. Therefore, the focus of most cognitive
architectures is on the non-monotonic approximate forms of reasoning, such
as induction, abduction, and analogy.

Practical reasoning or decision-making is about choosing the best possible
response for the given circumstances, and must balance utility and tim-
ing. Because it has the most practical application, decision-making is well-
represented in cognitive architectures. In addition, it is supplemented with
biologically and psychologically inspired details, such as behavior modula-
tion via emotions, drives, and permanent traits.

Meta-reasoning is the most recent addition to cognitive architectures and
is currently the least explored. Typical mechanisms include self-monitoring
by gathering information about the current state of the system, and self-
regulation by applying this knowledge to improve decision-making and learn-
ing.



8 Putting It All Together

In the previous chapters, we discussed individual components of cognitive
architectures. But the entire system is more than the sum of its components—
the same module will perform differently depending on the type and number
of connections to other elements of the system. Here, we focus on the bigger
picture of how these elements fit together in different architectures.

Section 8.1 describes a generic cognitive cycle and the flow of information
between the typical components.

Section 8.2 identifies several common classes of the architectural topologies,
their variations, and properties.

Section 8.3 discusses timing of cognitive cycles based on psychological mo-
tivations and practical needs.

8.1 Cognitive cycle

All cognitive architectures we reviewed execute a perception-action cycle.
During each iteration, sensory input is received, aggregated, and processed
to output an action. Once the action is performed, the next cycle starts. This
circular process is a highly abstracted version of the human cognitive cycle
(Fuster, 2017).

Figure 8.1 shows a schematic representation of a typical cycle found in
virtually all architectures. Boxes in the diagram correspond to basic com-
ponents discussed in the previous sections: perception, transient and long-
term memory storage, and behavior generation, which combines reasoning
and decision-making.

The following is a high-level summary of the processing within the compo-
nents and the flow of information along the arrows connecting them:

Perception <+ STM. Sensory information processed in the perception mod-
ule enters the short-term memory (STM). STM may contain items from the
previous cycle, some of which will be updated or discarded. Exchange of
information between perception and STM is modulated by attention in both
directions. The bottom-up attention mechanisms increase the chance of salient
or anomalous stimuli moving to the STM storage. In the opposite direction,
top-down attention influences selection of percepts that better match the
contents of the temporary memory.

STM < Behavior generation. The perceptual module provides informa-
tion about the current state of the world and the state of the agent (through
proprioception). STM may also contain the set of current goals and beliefs.
Based on this information, behavior generation module(s) produces new be-
liefs, goals, or motor commands.
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Fig. 8.1 lllustration of the modules and the flow of information between them for a typical cognitive
architecture. Solid arrows indicate inputs and outputs.

STM < LTM. The items stored in STM are often used to pull the rele-
vant information from long-term memory (LTM). This information can be
potentially of any kind: conceptual knowledge to enrich the context in STM,
procedural knowledge needed to satisfy the goals, related past experiences, or
even spontaneously recalled and irrelevant items. In the opposite direction, the
contents of STM may be permanently stored or used to update the information
in LTM as a part of learning.

Perception — Behavior generation. External stimuli or proprioception can
trigger reflexive responses, such as braking responses or balancing, that bypass
deliberate decision-making.

8.2 Topology and processing

The perception-action cycle is similar across all cognitive architectures only on
a high level; there are many differences in how the computation is organized
within each component and in the information flow between them. In the previ-
ous chapters, we already discussed common knowledge representations and the
associated processing and inference options for different components of cogni-
tive architectures. Here, we consider various approaches to organizing compu-
tation within the system and its runtime operation. To do so, we distinguish
four typical topologies—layered, distributed, centralized, and hierarchical—as
illustrated in Figure 8.2. For each type, runtime operation will be evaluated
with respect to three dimensions: parallel/serial, synchronous/asynchronous,
and distributed/centralized.

Layered. Layered design helps isolate modules with different states, computa-
tional complexity, and running times. Specifically, reactive control is separated
from costly planning. Reactive control connects the sensors to actuators and is
fast because it relies only on the sensor information, is virtually stateless, and
focused on the present. Deliberative planning has the opposite characteristics:
it needs a world model and is concerned with the future actions leading to
the goal. They communicate through a scheduling layer between them. The
scheduler receives input from and dispatches appropriate primitive operations
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Fig. 8.2 Schematic illustrations of the most common topologies: A) layered, B) distributed, C) centralized,
D) hierarchical.

to the reactive control. It also monitors planning progress and may terminate
it or request more depending on the current situation and task (Gat, 1998).

Robotic architectures 3T, ATLANTIS, Saphira, ERE, and GLAIR are typ-
ical examples of layered architectures, where a fast reactive control and a slow
deliberative planner are connected with a sequencing mechanism. These types
of systems combine asynchronous and parallel execution of the reactive and
planning modules with serial centralized control performed by the sequencer.

This design is motivated mainly by empirical observations and real-time
performance targets, but has parallels with psychological phenomena; primi-
tive behaviors within the reactive layer are similar to reflexes and Suchman’s
(1987) situated actions in that they are prompted by external events and
involve little to no processing (Hexmoor et al., 1992; Gat, 1998).
Distributed. Distributed organization emphasizes parallel and asynchronous
execution for enabling reactive and emergent behaviors. The classic example is
the Subsumption architecture, where a number of loosely coupled concurrent
processes implemented as finite state machines run each at their own pace
while communicating through predefined inputs and outputs. Although all
processes produce outputs, only some of them reach actuators and the rest
are suppressed (or subsumed) (Brooks, 1986). Besides Subsumption and be-
havior networks (Maes, 1991), there are no architectures implementing purely
distributed, asynchronous, and memoryless processing. In some instances, this
approach is applied within individual modules, e.g. executor submodules in
RCS (Albus, 1997) and saccade control in IMA (Kawamura et al., 2008).
Centralized. Centralized models are the most common. Prototypical exam-
ples are the blackboard architectures and production systems, in which a
number of modules run independently and communicate through a shared data
structure. BB1 is one of the early blackboard architectures, where specialized
knowledge sources (e.g. perception, reasoning, and action) run in parallel and
asynchronously. All coordination and communication happens through posting
and inspecting the items recorded in the global data structure called the black-
board. Changes to the blackboard in turn trigger execution of other knowledge
sources (Hayes-Roth et al., 1989). Although it is theoretically possible for all
knowledge sources to operate completely in parallel, most implementations
have a scheduler which selects a single knowledge source at a time. The selected
knowledge source and information relevant to it (context) are referred to as
the focus of attention (Pfleger and Hayes-Roth, 1997).

There are many variations on the blackboard architecture in different cog-
nitive architectures. In COGNET, the blackboard is organized hierarchically
according to the levels of abstraction from basic sensor events to the objects
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identified in the scene (Zachary et al., 1990). Copycat implements more fine-
grained parallelism, since its knowledge-source-like codelets contain only a
few lines of code, and uses a semantic network as a representation for its
blackboard. During each cycle, a single codelet is chosen to run, which activates
certain elements in the blackboard (Hofstadter, 1994). PRS introduces the
following enhancements: interruptible knowledge sources, procedural represen-
tation of information in the blackboard instead of a rule-based one, intention
graph instead of the serial scheduler for managing complex priority mecha-
nisms, and meta-level knowledge sources that can modify the intention graph
layout dynamically at runtime (Ingrand and Coutance, 1993). Lastly, DUAL
removes the separation between the knowledge sources and the blackboard;
the knowledge sources themselves are the blackboard and have access only
to the parts of the context exposed through the connections to the neighbors
(Kokinov, 1994a).

More recent instances of blackboards depart further from the original con-
cept. In CORTEX, a central shared blackboard is implemented as a complex
graph-based data structure, to which all agents, both deliberative and reactive,
have access, thus allowing it to represent the current state and future actions
(Marfil et al., 2019). Polyscheme minimizes the blackboard to only store the
results of computation of multiple knowledge sources (called specialists), each
of which has its own memory and an arbitrary representation. The focus
manager then considers suggestions from all specialists, chooses one as the
next focus of attention, and broadcasts it to the rest. Since the specialists are
not limited in their structure and implementation, all communication between
them is done through a common intermediate representation called interlingua
(Cassimatis, 2005). LIDA adapts the elements of the original blackboard sys-
tem and Copycat’s fine-grained approach to parallelism for implementing the
Global Workspace Theory. LIDA’s blackboard is accessible to a large number
of small codeletes that concurrently read and write to it, while competing for
attention, which (similarly to Polyscheme) broadcasts the winner’s context to
the rest of the codelets (Faghihi et al., 2012). The blackboard in ARCADIA
is a highly volatile structure with unlimited capacity. The knowledge sources
with their own memories and internal representations translate results into
common interlingua (as in Polyscheme) and place them in the blackboard. At
the end of each cycle, one element is broadcast for all knowledge sources to
work on next (Bridewell and Bello, 2016).

Production systems are closely related to blackboard systems and have
a similar high-level structure characterized mainly by production rules (pro-
cedural memory) and a dynamic workspace referred to as working memory
(WM) (see Section 2.2). The main difference lies in the representation: pro-
duction rules are fine-grained and uniform if-then-else condition rules, whereas
knowledge sources are more arbitrary both in implementation and scale.

Similarly to blackboard systems, there are many variations to the basic
production system design. For example, WM in ACT-R is represented by a set
of buffers that hold only one element. For every cycle, only a single production
among those matching the contents of the buffers is selected to fire (Anderson
and Lebiere, 2003). EPIC, like ACT-R, has a number of dedicated buffers
for different types of information (e.g. visual and auditory percepts, goals)
forming its WM. However, EPIC allows all rules that match the contents
of the WM to execute in parallel, eliminating the serial control bottleneck
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(Kieras, 2007). CAPS separates not only the WM stores for different types of
information, but also groups the production rules into separate modules (e.g.
spatial, verbal, quantitative). The rules within each module can fire in parallel
and update the respective WM (Just and Varma, 2007). Soar, unlike most
other rule-based systems, uses rules to support the selection, application, and
termination of operators, which describe primitive and abstract actions. When
abstract actions are proposed by rules, they become goals and are dynamically
decomposed into sequences of operators, that are then selected by more rules
(Laird et al., 1998). Soar’s WM contains goals, percepts, and retrievals from
the LTM, etc. (Laird, 2012b).

Hierarchical. In a hierarchical design, modules are separated into layers,
with the layers below subordinate and feeding input into the layers above.
A classic example of such organization is RCS, whose modules (nodes) are
organized in levels defined by temporal and spatial resolution, i.e. low-level
sensors and actions at the bottom and long-term planning on top (Albus,
1991). Similar design is adopted in architectures that mimic the hierarchical
organization of the human visual cortex, e.g. DeSTIN (Goertzel, 2012a) and
Leabra (O’Reilly et al., 2016).

Centralized blackboard-like design is clearly the most common topology
among our broad selection of cognitive architectures. Although blackboards
were proposed more than fifty years ago, they remain a popular choice. Sev-
eral factors likely contributed to their longevity. For one, the concept of a
blackboard is intuitive, flexible, and easy to implement, making it an attrac-
tive option for experimentation. Blackboards work well not only for applied
research, as demonstrated by a number of successful applications (e.g. BB1,
CORTEX, LIDA), but are useful for studying human cognition. In fact, various
production systems, such as ACT-R, Soar, CAPS, and EPIC, have been used
to replicate human performance on a range of tasks. Furthermore, there is
evidence suggesting that blackboard-like functions can be a useful abstraction
of perception and decision-making in the brain (Roelfsema and de Lange,
2016; Worden et al., 2021). However, without comparative evaluations against
other approaches, the superiority of blackboards cannot be established (more
on evaluation in Chapter 10). Nevertheless, convergence of both engineering
and psychologically motivated research on this solution makes it a promising
candidate for further exploration.

8.3 Timing

Reactivity is one of the key components of intelligence and an important factor
to consider when designing cognitive architectures (according to desiderata in
Chapter 1). Biological and artificial organisms alike must respond in time to
the changes in the environment in order to survive and function. This is widely
recognized in cognitive architectures, but implemented in different ways and
with different purposes.

More application-oriented architectures, particularly those that are physi-
cally embodied, require speed of processing that is commensurate with external
events to avoid harm and delays. While real-time operation is less important
for simulating behavioral and neural phenomena, it is still necessary to show
that computations can at least in principle satisfy biological constraints.
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Table 8.1 Cognitive cycle durations reported for the cognitive architectures. The “processing” column
indicates what type of processing is included in the cycle: P—perception or R—reasoning, i.e. all
processing beyond perception. For some cognitive architectures, the range of values for perception and
reasoning is provided, in which case they are reported with a “+” sign. “Real-time” means that the exact
range is not available, but the cycle completes in time commensurate with the rate of the sensors or
events.

Architecture Cycle duration P R References

3T 10-1,000 ms + (Bonasso and Kortenkamp, 1995)
ACT-R 85 ms + 50-70 ms + + (Anderson et al., 2004)
ATLANTIS  10-1,000 ms + + (Gat, 1993)

BBD 100-250 ms + + (Reeke et al., 1990)

CAPS 25-100 ms + (Just and Varma, 2007)
CARACaS 100 ms + (Hansen et al., 2006)
CHREST 200 ms + 100 ms x #items + (Smith et al., 2009)
DIARC 80-90 ms + (Joshi et al., 2012)

EPIC 50 ms + (Meyer and Kieras, 1994)
IMA 100 ms + (Kawamura et al., 1993)
Kismet 33 ms + + (Breazeal et al., 2001)
Leabra 100 ms + + (Kachergis et al., 2014)
LIDA 200-500 ms + + (Franklin et al., 2016)
MHP 50-200 ms + 25-170 ms + + (Card, 1981)

MIDAS 100-200 ms + (Corker and Smith, 1993)
PRS 20-500 ms + + (Huang et al., 1996)

SASE 30-100 ms + + (Weng, 2007)

Sigma 250 ms + (Rosenbloom et al., 2015a)
Soar 1-50 ms + (Laird et al., 2011)

SPA 50 ms + (Stewart and Eliasmith, 2009)
STAR 25 ms + + (Kotseruba, 2016)
Subsumption 10 ms + + (Brooks, 2014)

TCA 10-3,000 ms + + (Simmons et al., 1992)
Ymir 100-2,000 ms + + (Thérisson, 2002)

BB1 Real-time + (Hayes-Roth, 1990)
BECCA Real-time + (Rohrer, 2007a)

CIRCA Real-time + (Atkins et al., 1997)
COGNET Real-time + (Zachary et al., 2000)
CORTEX Real-time + + (Mendoza et al., 2018)
DAC Real-time + + (Vouloutsi et al., 2015)
ERE Real-time + (Drummond et al., 1991)
FORR Real-time + (Epstein, 1994)

NARS Real-time + (Wang, 2009)

RALPH Real-time + (Russell and Wefald, 1989)

A summary of cognitive cycles durations is given in Table 8.1. Reported
values usually include decision-making or perception and decision-making to-
gether, however, not motor actions because of their high variability. Note that
for nearly half of cognitive architectures (not shown in the table), the duration
of cognitive cycle is not specified.

8.3.1 Matching human response time

Behavioral constraints for cognitive cycle duration are obtained by measuring
a range of human response times for specific tasks. A model that can replicate
these timings can be used to 1) generate human-like behavior in the same
or different conditions, 2) estimate the effects of changes in the task or the
characteristics of the operator, and 3) help revise the designs of the tasks or
the environments where they are performed.

Matching human response times is particularly common in human per-
formance modeling. A well-known example is the Model Human Processor
(MHP), an early model of human information processing designed for practical
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purposes but grounded in cognitive science. MHP is a family of parametric
models developed for simple procedures, such as reading text, reaching for a
button, or binary choice with the purpose of analyzing and improving basic
cognitive tasks (Card, 1981).

Human processing times have been determined for other domains and more
difficult tasks. For example, COGNET models behaviors of the air traffic con-
trol operators and defines specific timings depending on the tasks performed
and different levels of cognitive load (Zachary et al., 2000). MIDAS matches
the performance of the helicopter pilot and then uses the parameters to eval-
uate and improve the cockpit design (Corker and Smith, 1993). CHREST
investigates human perception and memory in tasks, such as playing chess,
to match human response times and explain the internal mechanisms of the
behavior. Parameters for detecting the chess piece (200 ms), recognizing it (100
ms/item), and moving it to a different spot on the board (50-100 ms) were
extracted from the analysis of the human experiments (Smith et al., 2009).

Several cognitive architectures, particularly production systems, such as
ACT-R, EPIC, and CAPS, seek universal parameters for basic tasks and all
converged on the mean cycle duration of about 50 ms. This time usually refers
only to the duration of the decision cycle. In ACT-R, this involves recognizing
patterns in buffers, firing a production rule, and updating the buffers for the
next cycle, which is likened to the flow of information from cortex to the
basal ganglia and back. Perception may take longer and often depends on the
implementation. For example, in ACT-R 5.0, the cost for object identification
has been reduced from 185 ms to 85 ms (Anderson et al., 2004). Motor actions
are also not included in the cycle. CAPS aims at a geometric mean of the cycle
around 50 ms, however durations can vary depending on the implementation.
For example, cycles for reading comprehension and mental rotation models
were 60 ms and 30 ms, but a model for solving the Tower of London took 556
ms per cycle (Just and Varma, 2007).

EPIC also allocates 50 ms to updating the memory and firing rules (Kieras
et al., 1998). An additional 50-250 ms are allocated for perception (depending
on the modality and the perceptual task), and 60 ms for initiating and per-
forming a motor action (Kieras and Meyer, 1994). The timing of 50 ms per
cycle in EPIC is linked to the periodicity of EEG brain activity (« rhythms)
and the distributions of reaction times for the given tasks. Since « rhythm is
strongly correlated with age, modifying the cycle duration reflects the changes
in performance between older and younger participant groups (Meyer and
Kieras, 1994). Similar effects have been observed from modifying the cognitive
cycle of ACT-R (Salvucci et al., 2004).

The LIDA architecture reports a cycle duration between 200-500 ms, in-
cluding perception, attention, and action selection. This timing is related to
theta, gamma, and alpha oscillations (Franklin et al., 2016). Theta and gamma
oscillations a believed to be important for synchronizing and communicating
between different brain areas (Lisman and Jensen, 2013), functionally similar
to the periodic global broadcasts in LIDA.

Psychologically motivated cognitive architectures correlate their structure
and performance with neural phenomena, but do not model them directly.
For example, Leabra, BBD, and SPA consider processing on the level of
individual neurons and neuron populations. Leabra derives its 100 ms limit for
prediction and sensation phases from the a rhythm (Kachergis et al., 2014).
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Since each BBD is unique, reported cycles vary from 100 to 250 ms, which
includes the sensory input processing, computing the states of all neuronal
units, and generation of motor commands (Reeke et al., 1990; McKinstry et
al., 2008). These durations are often associated with oscillations in the visual
cortex and in the cerebellum (a brain area associated with motor control and
coordination).

Although there are observed correlations between brain oscillations and
behavioral performance, the exact neural mechanisms linking the two are
largely unknown (Ruzzoli et al., 2019). SPA attempts to provide a neurological
basis for the 50 ms cycle found in many psychological cognitive architec-
tures by modeling basal ganglia with well-established properties and the time
constraints of neuron membranes and GABA neurotransmitter (Stewart and
Eliasmith, 2009).

Overall, reported cognitive cycles fall within the range of 10 ms to 10 s,
defined by Newell (1990) as the cognitive band and which also happens to be
an appropriate horizon for most reflexive and deliberate actions.

8.3.2 Matching external events

In most real-world applications, reacting late is tantamount to not reacting at
all. Reaction time is determined by many factors, both internal (the design of
the agent and available computational resources) and external (the task and
the environment). Thus, appropriate reaction times can vary significantly, from
milliseconds to hours. Below, we discuss a number of techniques developed for
dealing with time and resource restrictions.

Fixed cycle duration. The simplest approach is to fit all processing (from
perception to dispatching motor commands) or parts of it within a set time
interval, matching either the frequency of the expected external events or the
temporal resolution of the sensors. For example, 25 ms cycle of the STAR
model for playing video games matches the frame rate of the game screen
(Kotseruba, 2016). Cognitive architectures designed to interact with humans
also focus on quick perception and motor response. For example, IMA im-
plements face tracking at 10-12 Hz to detect sudden movements of the user
(Kawamura et al., 1993) and Kismet aims at 33 ms visual processing and face
movements matching its sound production (Breazeal et al., 2001).

Bounded cycle duration. A less restrictive approach sets an upper bound
for the response times, at least for some operations. Typically, the bounds
are placed on deliberation, assuming that hard deadlines are available. For
example, PRS limits the number of options open to deliberation, uses decision-
making mechanisms that have strict execution time bounds, and prevents the
system from reconsidering the plans as long as they do not fail (Ingrand and
Georgeff, 1990). CIRCA likewise takes into account deadlines when choosing
actions, and in addition, precomputes a set of plans for the most probable
failure cases (Atkins et al., 1997).

Anytime response. A disadvantage of both fixed and bounded processing
cycles is that the system may commit too early to a suboptimal action even
if more time for deliberation is available, use outdated information about the
environment, or react too late. The anytime algorithms solve this problem by
a) having an answer available at any point in the execution and b) improving
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its quality, if more time is available (Dean and Boddy, 1988). Typically, this is
applied to decision-making (NARS), action selection (ERE, BB1, CORTEX,
IMA), and motor control (Ymir).!

Decoupling cycles. Naturally, some steps in the processing pipeline take
longer than the others. Perception (especially vision) and deliberation can
take considerable amounts of time. On the other hand, dispatching motor
commands (after the decision has been made or as a reflexive response) can
be done very efficiently. Thus, forcing all processing into a fixed cycle duration
can compromise the quality of more time-consuming steps and negatively
affect the quality of response. Separating the operations based on their ex-
pected completion times and organizing them into separate feedback loops is
a common approach, pioneered in the “reactive planning” architectures (e.g.
ATLANTIS, 3T, ERE) (Bresina and Drummond, 1990; Gat, 1993; Bonasso
and Kortenkamp, 1995). Along similar lines, RCS is hierarchically organized
according to computational complexity and time/space planning horizons,
from low-level motor control on a millisecond scale to long-term strategy
forming over days and weeks (Huang et al., 1996). Ymir runs multiple feedback
loops at different frequencies for motor actions (100-500 ms), process control
(0.5-2 s), and topic interpretation (1 s) (Thérisson, 2002).

8.4 Summary

e Nearly all cognitive architectures implement a similar perception-action
cognitive cycle with the same basic functional components.

e The most common architecture topology is the multi-agent structure with
shared memory, which includes the blackboard and production systems. To-
gether with variations, such systems comprise more than half of all cognitive
architectures.

e The cognitive cycle of most cognitive architectures falls within Newell’s
cognitive band (between 10 ms and 10 s). This is sufficient for prompt
reactions to the external events, matches human reaction times for simple
tasks, and has correlations to the cortex-wide oscillations that coordinate
processing across multiple brain areas.

e There are numerous techniques for achieving real-time execution—from fixed
and bounded processing time to more flexible anytime approaches, however,
no single technique is sufficient. Therefore, the majority of cognitive architec-
tures combine them, e.g. bounded perception, decoupling of computationally
expensive planning from motor control, etc.

L Anytime perception is uncommon but also possible
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WHAT CAN COGNITIVE ARCHITECTURES
DO?

The following two chapters are about what cognitive architectures can do and
how well they do it. Chapter 9 starts with assessment of the core cognitive abil-
ities demonstrated by cognitive architectures in practice. It then examines the
applications of cognitive architectures by dividing them into four categories—
from abstract psychological tasks to commercial applications. Chapter 10 de-
scribes approaches to evaluating performance of cognitive architectures on the
level of task and ability, in qualitative and quantitative terms.






9 Practical Applications of Cognitive
Architectures

The field of cognitive architectures positions itself as research-oriented. This
intent is clear in the numerous proposals and desiderata that emphasize under-
standing and modeling human cognition over the utility in real-world applica-
tions. However, successful replication of the human mind’s internal processes
should in principle result in a similarly human-like outward behavior. Thus,
even as primarily research tools, cognitive architectures should be expected to
act in a useful and non-trivial manner in various domains. In this chapter, we
discuss the achievements of cognitive architectures in terms of the concrete
tasks they can perform.

Section 9.1 briefly introduces the categorization of tasks into four groups.
The following sections consider these groups and list the representative tasks
in each.

Section 9.2 discusses the tasks performed in the context of psychological
experiments. They are referred to as abstract, since they are usually highly
abstracted versions of everyday tasks.

Section 9.3 looks at the tasks that involve perception and reasoning, such as
categorization and solving puzzles.

Section 9.4 gives an overview of the tasks that require decision-making and
motor control, from basic navigation and obstacle avoidance to complex tasks
involving multiple steps.

Section 9.5 discusses the tasks that involve interaction with animate or inan-
imate agents, such as social and robotic assistants.

Section 9.6 covers several notable uses of cognitive architectures for solving
real-world problems and in commercial applications.

9.1 Overview of tasks and applications

One major challenge in quantifying tasks and applications lies is the absence
of coherent and widely accepted taxonomy. The crux of the matter is defining
what constitutes a “task” (Companion and Corso, 1982). In everyday language,
task is understood as any activity that a person can do and that can be denoted
with a verb, but such a definition is too broad to be useful. Therefore, various
categorization schemes have been devised. In the human factors research,
tasks have been categorized by the properties of the environment (e.g. natural
or artificial), the operator (e.g. physical and mental state), the task itself
(e.g. devices, stimuli, subtasks), and the organization (e.g. culture and eco-
nomics) (Gawron et al., 1991). Artificial intelligence (AI) research focused on
the visually recognizable activities, which were organized hierarchically from
simple limb movements to semantically meaningful actions, such as gestures,
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behaviors, group interactions, and events (Beddiar et al., 2020). Both of these
taxonomies do not fit our purposes. While human factors taxonomies are
extensive and potentially cover any conceivable activity, they are cumbersome
to apply, particularly given the dearth of information in the sources avail-
able for cognitive architectures. However, the visual activity categorization is
too narrow, as it does not capture the internal cognitive processes that the
cognitive architectures tend to focus on and clumps together many complex
actions.

An alternative approach is to derive categories from data. In our past work,
which was one of the first attempts to tally the abilities and applications of
cognitive architectures, we clustered applications found in papers as robotics,
psychological experiments, games and puzzles, and natural language process-
ing (Kotseruba and Tsotsos, 2020). Here, we instead distinguish the following
five broadly defined groups:

Abstract tasks. For lack of a better term, the category of abstract tasks
includes the systematically designed and controlled activities that have long
been fundamental in psychology research.

Perception and reasoning tasks. These tasks form a basis for many ap-
plications that require sensing stimuli and manipulating information, for ex-
ample, categorization and problem-solving. However, a number of cognitive
architectures perform these as standalone applications.

Procedural tasks. Procedural tasks go beyond forming a belief or solving a
problem and instead result in an intent to act or an execution of a physical
motion, e.g. controlling a robot, physical or simulated.

Interactive and social tasks. Interacting with others combines elements of
perception and problem-solving abilities with decision-making and motor con-
trol. The applications in this group often involve assistive functions, following
commands, or cooperating to achieve common goals.

Real-world and commercial applications. We consider separately the ap-
plications of cognitive architectures to solving real-world problems in space,
manufacturing, and assistive robotics.

The last three groups in this categorization correspond to Bennett’s (1971)
tri-factor hypothesis that separates human tasks relating to ideas, things, and
people. Some of these tasks are also contained in the abstract group but in a
highly simplified and reduced form. In terms of implementation, abstract tasks
are generally less demanding than interactive and real-world ones, which put
stricter constraints on the responsiveness and output quality.

This chapter is based on a manually annotated corpus of over 2,800 pa-
pers. We considered only those applications for which there was evidence
of implementation, such as the authors’ statement to that effect, evaluation,
demo, a link to the code, etc. Over a 1,000 individual implementations were
found, including some intended for use in the manufacturing and safety-critical
domains, as well as many proof-of-concept demonstrations. In absolute terms,
the applications in the first three groups comprise more than 80% of the total,
as shown in Figure 9.1A.

Within each group, there are several clearly dominant architectures. Most
notably, more than half of all abstract tasks are simulated in ACT-R and more
than one-third of all perception-related tasks by ART. Social and real-world
tasks are relatively uncommon and there are no clearly dominant architectures
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Fig. 9.1 Plots illustrating different aspects of practical abilities of cognitive architectures. A) Distribution of
tasks in each category and cognitive architectures with the largest share in each category (percentages
normalized by the category). B) Number of cognitive architectures implementing each category of tasks.
C) Number of cognitive architectures that implement tasks from different categories.

in this category; about half of all applications are represented by eight archi-
tectures, either on a robotic platform (DIARC, Ymir, CARACaS, 3T, Kismet)
or in software only (ACT-R, Disciple, BB1).

Figure 9.1(B and C) provides a breakdown of the categories of tasks per-
formed by individual architectures. In terms of diversity, only about one-
third of cognitive architectures cover three or more categories of the tasks.
The tasks in different categories are also not distributed evenly, with percep-
tion/reasoning, procedural, and social tasks being more common categories.

Each of the task categories consists of a large number of varied tasks. The
next sections will help better understand the specific abilities of cognitive
architecture by discussing representative examples of the tasks from each
category.

9.2 Abstract tasks

As mentioned in the previous section, abstract tasks are commonly performed
in the context of psychological experiments. Such studies isolate particular
aspects of cognition (encoded as dependent variables) and measure responses
of human subjects while experimental conditions (independent variables) are
being manipulated. The goal is to show that the dependent variable associ-
ated with the cognitive phenomenon of interest is affected by the changing
conditions in a statistically significant way, i.e. rejecting the null hypothesis.
To reduce potentially confounding factors and to control experimental
conditions, tasks are intentionally simplified and often have little to do with
everyday activities. For example, the subjects may be asked to recall lists of
unfamiliar symbols presented visually or audibly, solve algebraic or geometric
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problems (sometimes specified in non-standard notation), or perform visual
search in the images depicting the symbols with different orientations and
colors.

The artificial and abstract nature of these “nonsense” tasks (Miller, 1967)
has cast doubt on whether they can truly represent the intricacy of human
cognition and generalize to the real-world conditions (Holleman et al., 2020).
But in the case of cognitive architectures, implementations do not always
capture all aspects of the task without simplifications and omissions. Thus,
even if the task performed by the human subjects is real and complex, the
implementation may reflect only a narrow facet of the observed performance.
Nevertheless, abstract tasks are quite common, mostly as a way to quantify
the similarity to human behavior (as discussed in Chapter 10 on evaluation).
Below, we list some representative examples.

9.2.1 Perception and attention

As was mentioned before, vision is the most represented and studied perceptual
modality in cognitive architectures. Thus, the majority of perceptual tasks
involve vision and visual attention.

One of the most common visual tasks is visual search, i.e. using sight to find
objects with certain characteristics among clutter. In everyday life, it would
be searching for a particular icon on the phone screen or looking for a friend
in the crowd. However, typical experimental setups for this task are much
simpler. Usually, the subjects are asked to find a target among similar looking
objects (distractors). Both the target and distractors are simple shapes, such
as rectangles, circles or triangles, with different basic characteristics, such as
color, orientation, or size. Several cognitive architectures have been tested on
this type of task, including ACT-R (Nyamsuren and Taatgen, 2013b), DIARC
(Scheutz et al., 2014), and EPIC (Kieras et al., 2015).

Other attention-related tasks have also been modeled in cognitive archi-
tectures: a computational explanation for attentional blink in LIDA (Madl
and Franklin, 2012), change blindness simulated in ARCADIA (Bridewell
and Bello, 2015), a Leabra-based neural model of the Stroop task (Herd et
al., 2006), and an EPIC model of auditory attention demonstrating a well-
known cocktail party effect (Kieras et al., 2016).

9.2.2 Memory

Another large group of tasks modeled in cognitive architectures involves work-
ing memory. A classic experimental paradigm tests human abilities of recalling
items after brief presentation. Since this is quite difficult for humans but
trivial to implement on a computer, well-performing models are not judged
by how perfectly they reproduce presented stimuli, but rather by how well
they emulate the relative times for different conditions and the types of errors
the human subjects make. For example, after being presented with sequences
of stimuli, recall accuracy depends on the number and complexity of the items,
how long they were presented and in what order, although there are significant
individual differences. These aspects have been investigated in ACT-R (7;
Daily et al., 2001; Chuderski et al., 2006; Schneider and Anderson, 2011;
Peebles and Jones, 2014), EPIC (Kieras et al., 1998), and CHREST (Gobet,
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1998). Another common task for measuring working memory capacity is the n-
back task, where a person is presented with a series of stimuli and must decide
whether the current stimulus matches one from n steps before. The larger the
number n, the more difficult the task. Neural mechanisms of this task were
investigated in the Leabra (Chatham et al., 2011) and SPA (Gosmann and
Eliasmith, 2015) models.

Functioning of episodic memory was also investigated in several architec-
tures. Since there are fewer architectures implementing this kind of memory,
and it is less studied than working memory, the tasks bear little relation to one
another. For example, the SHRUTI model explained the formation and recall
of simple episodic memories and simulated their degradation from neurological
diseases (Shastri, 2001). The DUAL architecture was used to simulate the
effects of familiarity and typicality of the episode on its retrieval (Kokinov et
al., 2007; Grinberg and Kokinov, 2019).

9.2.3 Reasoning

Reasoning is represented by a broad range of symbol manipulation tasks in
various contexts. Two common examples are categorization and analogical
inference. Categorization involves classification of objects based on various at-
tributes and has been demonstrated by ACT-R (Dickison and Taatgen, 2007),
Leabra (Rougier and O’Reilly, 2002), and SPA (Schroder et al., 2014), while
visual and verbal analogical inference has been investigated in LISA (Morrison
et al., 2004), DUAL (Kokinov, 1990), Clarion (Licato et al., 2014), and Copycat
(Hofstadter, 1994). Other aspects of reasoning include mechanisms for solving
simple mathematical problems ACT-R (Ritter et al., 2002), use of mental
imagery for solving geometric problems (Soar; Lathrop and Laird, 2007) and
performing mental rotation of shapes (CAPS; Just and Carpenter, 1985).

9.2.4 Learning

Acquisition and loss of knowledge has been examined across multiple experi-
ments. There are models of learning new procedural skills (e.g. using a different
type of mouse for data entry modeled in ACT-R; Kim et al., 2007), as well
as learning declarative knowledge, such as recognition of anomalies in images
(ACT-R; Kennedy and Patterson, 2012), and learning from the previous ex-
perience which deck to take the next card from in the Iowa Gambling task
(ACT-R; Fum and Stocco, 2004).

9.2.5 Multitasking

People often perform two or more tasks simultaneously. Some combinations of
tasks are relatively easy, like talking to a passenger while driving a car, and
some are more difficult, for example, studying while watching a movie. As with
the memory tasks, programming a computer to perform multiple activities is
easy. But the goal of most models is to mimic typical error patterns and
degradation of performance during concurrent tasks. For example, an ACT-R
model of multitasking correctly modeled increased errors in a dual-task setup
consisting of n-back and tone counting tasks (Borst et al., 2015). An important
element of multitasking is task switching, i.e. shifting between different tasks.
Switching causes time delays and higher error rates, even if the tasks are very
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simple. Another ACT-R model replicated this effect on a dual task involving
counting and categorizing characters (Altmann and Gray, 2000).

9.3 Perception and reasoning tasks

The human brain excels at extracting and analyzing information from noisy
sensory data. Many tasks depend on this ability, but it has been notoriously
difficult to implement with symbolic algorithms. Some examples of the tasks
in this category are classification, pattern recognition, and clustering that
historically have been more amenable to subsymbolic representations and
statistical methods. Not surprisingly, the architectures with significant sub-
symbolic component are applied to these types of tasks more frequently. One
architecture in particular, ART, has performed the largest number of tasks
in this category owing both to its specialization in perceptual processing and
the availability of easy to use models. Reasoning tasks, such as game playing,
problem-solving, and language understanding, are more naturally handled by
largely symbolic architectures, such as Soar, PRODIGY, ACT-R, and FORR.

9.3.1 Perceptual processing

As vision is the dominant sensory modality, the majority of applications are
related to vision as well. However, most of them are fairly simple, such as
classifying small sets of abstract patterns (ART; Carpenter and Grossberg,
1987a), distorted letters of the alphabet (CogPrime, Arel et al., 2009; ART,
Kane and Paquin, 1993; CHREST, Lane et al., 2019), or wafer bin maps with
various defect patterns (ART; Hsu and Chien, 2007). One of the standouts
is Leabra, which recognized a hundred object categories rendered in different
poses and under various 2D transformations (O’Reilly et al., 2013).

Some vision applications require not only spatial but also temporal pro-
cessing. The most common scenario is detection, identification, and tracking
of moving objects. For instance, IMA can recognize up to five different persons
(Rogers and Wilkes, 2000) and ADAPT tracks vehicles in videos (Benjamin et
al., 2015). CARACaS further analyzes the tracked movements to recognize the
actions performed by the human-like agents in a 3D simulation (Huntsberger,
2011a). ART applies spatio-temporal analysis to detect the changes in satellite
imagery (Carpenter et al., 2001).

In addition to visual data, some cognitive architectures can process other
types of signals. ART is one of the architectures frequently used for this
purpose in place of other machine learning approaches, such as PCA and
neural networks. ART has performed successfully on over a hundred of different
tasks, including anomaly detection for a range of industrial applications: sensor
malfunction (Aradhye et al., 2004), energy system faults (Ferreira et al., 2006),
milling tool failure (Tansel et al., 1995), fish freshness analysis (Gil et al., 2008),
sensor fusion for robotics (Martens et al., 1998b), and speech processing from
audio (Goldinger and Azuma, 2003).

9.3.2 Playing games and solving puzzles

Board games and puzzles have been a staple of research in both AI and
cognitive architectures. Some of the earliest Al applications focused on playing
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checkers (Samuel, 1967), as both a test bed for developing and optimizing new
algorithms and a way to attract public attention. After years of progress,
computer performance has now surpassed that of most capable human players
(Silver et al., 2018).

Although not as competent as their specialized Al counterparts, cognitive
architectures too can play games and solve puzzles, all while capturing aspects
of human perception and decision-making processes. For example, CHREST
matched the human ability to detect when a king is attacked in chess (referred
to as a check position) (Smith et al., 2009), Sigma made decisions on a human
timescale when playing Othello (Rosenbloom et al., 2015a), ACT-R learned
to play backgammon on the level of common machine learning approaches
but with much less training data (Sanner et al., 2000), FORR learned to play
18 common board games against imperfect opponents (Epstein, 1994), STAR
ranked 18th in the world among human players of a popular online video game,
Canabalt (Kotseruba and Tsotsos, 2017), and Soar demonstrated knowledge
reuse when learning new two-player games and solving puzzles (Kirk and Laird,
2016).

9.3.3 General problem-solving

Besides games, cognitive architectures have been applied to general problem-
solving. Many of these tasks are similar to the abstract reasoning tasks de-
scribed in the previous section, but are more realistic. Examples include select
Advanced Placement Physics problems (Companion; Klenk and Forbus, 2007),
patient diagnosis (Leabra, Pauli and O’Reilly, 2008; OSCAR, Pollock and
Hosea, 1995), dynamic stocks and flows (ACT-R; Halbriigge, 2010), negotia-
tion problems (SHRUTI, Wendelken and Shastri, 2002; Sigma, Pynadath et al.,
2014; LISA, Grofimann et al., 2012; DUAL, Petkov et al., 2011), and planning
problems in various domains (CIRCA, Ha and Musliner, 2002; PRODIGY,
Wang and Carbonell, 1994; OMAR, Deutsch et al., 1998).

9.3.4 Language understanding

Understanding the meaning of spoken or written commands is important for
many practical applications. In particular, much work has been dedicated to
dealing with the inherent ambiguity of natural language. Some examples in-
clude anaphora resolution (ACT-R; Pyke et al., 2007) and analogical inference
(DUAL, Kokinov, 1994a; LISA, Krawczyk et al., 2004), text comprehension
(Companion; Ribeiro et al., 2019), and filling in implicit information via causal
reasoning (Meta-AQUA; Cox and Ram, 1994).

9.4 Procedural tasks
9.4.1 Navigation

The ability to move from one place to another is demonstrated by many
architectures in simulated and real environments and with aerial and ground
robots. Simulated environments range from simple 2D grid-like worlds to 3D
simulations of rooms or corridors,which are empty or with few obstacles.
The actions performed are usually a combination of navigating to the goal,
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wandering, wall-following, and obstacle avoidance. For example, FORR was
tested in a small simulated maze (Epstein, 1997), the Clarion agent navigated
a 2D minefield (Sun et al., 1998), and Soar moved inside a Pacman-like
simulation (Marinier IIT et al., 2009) as well as 3D indoor space with multiple
rooms (Konik and Laird, 2006). Physical indoor environments are represented
by research labs and university building hallways (Subsumption, Brooks, 1986;
SASE, Zhang et al., 2005; DIARC, Talamadupula et al., 2010). Outdoor envi-
ronments are less common. Among notable examples are RCS controlling an
unmanned vehicle driving off-road (Albus, 2002) and robots for interplanetary
exploration tested on rough terrains, such as Ratler (Simmons, 1995) and
Ambler (Krotkov and Simmons, 1996), both controlled by TCA.

Other environments and robots have also been considered, such as perform-
ing basic maneuvers using a simulated vehicle (ICARUS, Choi, 2009; ACT-R,
Haring et al., 2012; IMPRINT, Kandemir et al., 2018), simulated aircraft
(Soar, Gunetti et al., 2010; ICARUS, Langley, 1996a; ACT-R, Gunzelmann
and Gluck, 2009; CIRCA, Atkins and Durfee, 1997), and an underwater vehi-
cle, simulated (Clarion, Sun and Peterson, 1998b; ART, Tan et al., 2008) or
real (CARACaS; Austin and Stokey, 2011).

9.4.2 Reaching and object manipulation

Most abilities in this area are fairly simple, such as approaching a salient
object located nearby (MDB; Bellas et al., 2010b), foraging (DAC, Verschure et
al., 2003; BBD, Krichmar, 2000; ACT-R, Harrison et al., 2003), and following
arbitrary moving objects (Subsumption; Horswill and Brooks, 1988).

Object manipulation is more complex as it requires precision and dexterity.
Some implementations are in simulation (e.g. picking objects from a conveyor
belt by the CIRCA-controlled robotic arm (Musliner et al., 1994), stacking
blocks demonstrated by SAL (Herd et al., 2014), or pointing at objects by
BECCA (Malone et al., 2014) and some are performed using physical robots.
For example, the MDB architecture enabled a Baxter robot to pick up objects
from a platform (Salgado et al., 2016) and DIARC was used to implement
grasping behavior on a PR2 robot (Wilson et al., 2016).

A popular demo task combining navigation and object manipulation abili-
ties is a fetch-and-carry task. One of the first demonstrations of this kind was
a Subsumption robot called Herbert that wandered into the offices and used
laser sensors to detect and steal empty soda cans from the desks (although
not very reliably) (Brooks, 1989). Other similar demos followed shortly. CHIP
based on the AAA architecture visually identified and located crumpled paper
and empty soda cans on the office floor, picked them up with a gripper and took
them to the trash can (Firby et al., 1995). A TCA-controlled robot collected
empty cups and also periodically recharged its battery (Simmons, 1989). A
variation on this task is the collection and delivery of rock samples by the
Rocky III autonomous rover (ATLANTIS; Gat, 1991a).

9.4.3 Safety-critical tasks

The activities in this category are often challenging and take place under
significant time pressure in rapidly changing circumstances, and thus place
high demands on human perception, memory, and decision-making. These
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activities include air traffic control (MIDAS, Corker, 1999; APEX, Freed and
Remington, 1997; ACT-R, Lebiere, 2006), driving (ACT-R; Salvucci, 2002),
military operations (COGNET; Ryder and Zachary, 1991), space missions
(PRS; Ingrand and Georgeff, 1990), etc.

A combination of perceptual and decision-making abilities and practical
necessity of safety-critical tasks made them an attractive target for modeling
in a number of cognitive architectures. While the outputs of the models are
similar—a sequence of decisions and actions that a human operator would
undertake in a given situation—they serve different purposes. Cognitive archi-
tectures for human performance modeling, such as APEX, MIDAS, OMAR
(and its distributed version D-OMAR), MHP, and COGNET, are primarily
concerned with the human-computer interaction aspect of the task, seeking to
improve the interfaces and, consequently, reduce human error. On the other
hand, the psychologically inspired architectures ACT-R, EPIC, and Soar use
the ATC task as a challenging real-world activity against which to validate
hypotheses (Wray and Chong, 2003; Crossman et al., 2004b).

9.5 Interactive and social tasks

Most social tasks involve interaction, but not all interactions are social. Even
interpreted broadly, common definitions of “social interaction” require capa-
bilities, such as consciousness, self-identity, intentionality, other-directedness,
and communication (Cerulo, 2009). Even though none of the existing cognitive
architectures possess all required qualities, many of them can operate in an
environment populated by others, communicate with them, and respond in
ways that are not fully preprogrammed or reactive.

9.5.1 \Virtual assistants

Cognitive architectures have been used to create software agents for assisting
people in their personal and professional activities. The BB1-based Patient
Advocate helped patients by monitoring and visualizing personalized health
data (e.g. exercise, blood glucose) and suggesting changes in nutrition or daily
routine according to the prescribed treatments (Miksch et al., 1997). VMattie
(precursor of LIDA) was designed to reduce the workload of departmental
administrators. It could maintain mailing lists and schedule and announce
upcoming seminars after receiving emails from members of the department
(Stan and Franklin, 2000). Disciple provided, perhaps, the most personalized
assistance since not only could it answer questions and provide suggestions, but
it also was able to learn from interactions with human users. Disciple agents
have been used in a variety of domains, such as creating engineering designs
(Dybala et al., 1996), planning and critiquing plans for combat operations
(Boicu et al., 2000), or choosing a PhD supervisor (Boicu and Tecuci, 2004).
Needless to say, these assistants were prototypes with many limitations. They
could not process speech or complex written instructions, preferring input via
graphical user interfaces or using formalized languages instead. In addition,
assistants lacked proactiveness and autonomy, often relying on user feedback
to continue operation. As a result, interaction with these systems could be
slow and cumbersome.
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9.5.2 Robot assistants

Robot assistants are meant to perform either the tasks that are routine and
avoided by humans or the tasks that the human users cannot do themselves
(e.g. due to disability or not being physically present). The second category
is represented by ISAC, a robot based on the IMA architecture, designed to
assist a disabled person during meals (Bagchi and Kawamura, 1992) and a
Robotic Construction Crew prototype for building an outpost on the Moon
prior to human astronaut arrival. The latter is a set of two robots controlled
by CARACaS to pick up, carry, and stack metal beams (Stroupe et al., 2006).
Otherwise, delivery or fetching objects is the most common task for service
robots. One of the early attempts of this kind is Xavier, an office delivery robot
prototype controlled by the TCA architecture. The first demo did not include
the actual delivery tasks: the robot took commands via a simple web-based
interface to go to different offices to say “hello,” take a picture, or tell a knock-
knock joke (Simmons et al., 2002). Its next task was more practical: go to the
coffee shop located in the building, wait in line, and place an order. Once the
coffee was placed in the robot’s cupholder, it went back to the user (Nakauchi
and Simmons, 1999). Although these tasks involved some interaction, it was
rather limited and much of the behavior was preprogrammed. A more realistic
scenario was used to test CORTEX, which powered a salesman robot (Bandera
et al., 2017). Its task was to attract people at the exhibition hall to attend
an advertising stand. The robot approached the people in the hall, introduced
itself, and led them to the stand if they showed interest. The robot’s ability
to have a conversation and read social cues was rather limited, and a touch
screen was added later to improve communication.

9.5.3 Social robots

Social robots do not run errands but provide entertainment or comfort. The
lack of practical utility is often compensated by a more advanced social ability—
following norms, trying to understand others, and expressing its own desires.
Perhaps, the best known social robot is Kismet, embodied as an expressive
robotic head. It could perceive some human social cues by detecting motion
and tone of speech directed at it, as well as conveying its own intentions
mainly through facial movements (Breazeal, 1998a). Kismet’s older sibling
Cog, developed in the same MIT lab, has a humanoid torso with a head.
Having a more expressive body, Cog could follow gaze, recognize declarative
pointing, and imitate head nodding (Scassellati, 1998).

The software social agents focus more on seamless verbal interaction. A
Cybercafe waiter (based on the BB1 architecture) recognized customers who
were ready to order, knew to wait for a response, and improvised during
conversation (Rousseau and Moulin, 1997). Another example, a Ymir-based
agent, Askur, explored taking turns during dialog. It used prosody patterns
to recognize when the other person finished speaking and adjusted to their
individual preferences for pauses between utterances (Jonsdottir and Thoéris-
son, 2013).
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9.6 Real-world and commercial applications

Applications presented in the previous sections are quite limited, and lack
the robustness required for real-world use cases. Here, we will look at some
past successful uses of cognitive architectures in industry and for developing
commercial products.

Autonomous driving. The 4D/RCS architecture was developed as part of
the Department of Defense (DoD) Unmanned Ground Vehicle (UGV) pro-
gram, a multiyear effort to advance the technology for autonomous mobile
robots that could traverse rugged terrain and cooperate with other manned
and unmanned vehicles. For this purpose, RCS integrated the 4-D approach
to machine vision proposed by the German pioneer of driverless cars, Ernst
Dickmanns (Dickmanns, 1990). The platform provided for test was a custom
designed eXperimental Unmanned Vehicle (XUV)—a heavy robotic scout with
four-wheel drive and four-wheel steering, weighing up to 2,800 1b (1,300 kg),
and equipped with LIDAR in addition to color and infrared stereo cameras for
day and night driving, respectively. Demo III involved an extensive series of
field experiments. The vehicles had to traverse deserts, mountain foothills, and
urban streets (represented by military housing areas). Overall, XUV traveled
over 550 km through varying terrains, in day and night time, and under clear
weather, rain, and snow. The vehicle operated autonomously for 90% of the
time and distance traveled. A human operator intervened remotely when the
vehicle got stuck, e.g. due to terrain conditions, such as sand, a steep slope, or
dense vegetation, or when it failed to reach the next waypoint after multiple
attempts (Shoemaker and Bornstein, 1998).

Interface design and process analysis. MIDAS is a human performance
model developed jointly by the US Army and NASA since 1983. It provides
a set of tools for rapid prototyping of workstations and modeling how it
will be operated by humans. MIDAS, currently in its fifth version, has been
used for multiple military and civil purposes: the analysis of military missions
performed by helicopters and autonomous underwater vehicles, the design of
the 911 dispatch console and nuclear power plant consoles, testing new designs
of military clothing and equipment during helicopter missions, the analysis
of air traffic control procedures, and the redesign of shuttle cockpit (Hart et
al., 2001). More recently, MIDAS was used to evaluate the Next Generation Air
Transportation System (NextGen), a plan to modernize the National Airspace
System (NAS) developed by NASA together with the Federal Aviation Ad-
ministration (FAA). A high-fidelity model of a two-person commercial aircraft
crew was constructed based on the task analysis and walkthroughs provided
by pilots and air traffic controllers. This model was validated on the current
procedures for approach and landing and then applied to off-nominal events
(e.g. high winds, rogue aircraft on the runway) to test the effect of the NextGen
concepts on pilot performance (Gore et al., 2011).

Space mission support. The 3T architecture was developed at NASA to
automate and assist astronauts in various tasks, such as operating the shuttle
manipulator (Dorais et al., 1999) and the life support system (Bonasso et
al.; 2003). The 3T-controlled life support system initially was designed to
manage concentrations of COg and Os in the greenhouse chamber and crew
habitat atmospheres during space missions (Schreckenghost et al., 1998) and
later applied to the water recovery system intended for use at International
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Space Station (Bonasso et al., 2003). Several tests were conducted to validate
operation of the life support system: first, a 15-day test with one person in
1995, then, a 91-day test with a 4-person crew in 1997 (Schreckenghost et
al., 1998), and a 450-day test for the water recovery system in 1999 (Bonasso
et al., 2003), followed by more tests in 2000-2002. Throughout, 3T operated
autonomously with minimal manual interventions.

Combat flight simulation. TacAir-Soar is a system that emulates the be-
havior of human pilots during the missions on a fixed-wing aircraft. It is
intended for use in simulated military training exercises in place of human-
controlled agents. After five years in development and numerous demonstra-
tions, TacAir-Soar was tested in Synthetic Theater of War (STOW) in 1997
and a smaller training exercise in the following year. STOW demonstrated the
utility of Soar in a large-scale battlefield simulation that spanned 500x775
square kilometers with 13,500 buildings and over 20,000 objects (roads, bridges,
vegetation, etc.). Over 3,700 agents represented opposing forces, with Soar
controlling 100 agents simultaneously in real time, each taking in 200 data
points as input and producing over 30 different types of outputs. Overall, the
system completed over 700 flight missions, 90 minutes to 8 hours in duration.
Nearly 99% of missions were successfully launched and 95% of them completed
(Jones et al., 1999).

Assignment scheduling system. IDA (a precursor of LIDA) was developed
to automate the duties of human detailers in the US Navy who assign jobs to
the sailors (McCauley and Franklin, 2002). To this end, IDA communicated
with the sailors by email in unconstrained English to find their preferences and
match them with available jobs, all while following numerous organizational
policies. Often, after receiving an email with a job offer, the sailors declined the
assignment and requested a different one or specified additional requirements.
These negotiations often took several emails and IDA’s job was to correctly
evaluate the context, decide on the appropriate response, and convey it to the
sailor (Franklin, 2003). The in-house testing by the Navy determined that the
system performed on par with the human detailers and as of 2009 the system
was still in operation (Franklin et al., 2009).

Engineering design retrieval system. In the 1990s, Boeing needed a sys-
tem for engineering design retrieval. At the time, it operated with a database
of over 55,000 2D and 95,000 3D models of various parts which were searched
using a classification and coding system that was time-consuming to main-
tain and difficult to update with new parts. An in-house research team used
self-organizing ART networks to build a neural information retrieval system
(NIRS) by training it on the database. During a search, the users could
also vary the level of similarity controlled by the ART vigilance parameter
(Escobedo et al., 1993). The system was made available to thousands of Boeing
engineers in the state of Washington, with plans to extend it to the entire
company (Smith et al., 1997), however, there is no information on whether it
was done.

It is not difficult to notice that the most advanced applications of cognitive
architectures are for military or government needs, and the most recent ones
are over two decades old. Commercial products based on cognitive architec-
tures are both more recent and aimed at the general public. However, with
proprietary software, it is often difficult to establish how much the end product



Real-world and commercial applications ] 171

actually relies on the principles and implementation of the corresponding
cognitive architecture. Nevertheless, we list some examples in chronological
order.

Cognitive Tutor. The commercial version of the Cognitive Tutor grew out
of nearly twenty years of research on ACT-R at Carnegie Mellon University
(Ritter et al., 2007). In 1998, after several successful pilots in high-schools, the
tutor became commercially available through Carnegie Learning Inc. Cognitive
tutors were available for algebra and geometry courses and allowed students
to ask questions and track progress. By 2011, the company served almost
3,000 schools (Kelkar, 2022). These days, after a series of acquisitions and
leadership changes, the focus of Carnegie Learning appears to have changed.
In 2023, the company announced a new math tutor LiveHint Al, based on the
large language model trained on the proprietary data.

Soar Technology, LLC. Soar Technology or SoarTech is a spin-off of the
Soar cognitive architecture developed at the University of Michigan. SoarTech
was started in 1998 to further develop TacAir-Soar mentioned earlier and
has since been supplying a number of military clients. Commercial products
include realistic computer-generated scenarios and agents for training, virtual
assistants, and tools for controlling swarms of unmanned systems.!

Open Sesame! In 1993, a division of Charles River Analytics launched one
of the first virtual assistants designed for the Macintosh platform (Fink and
Kobsa, 2000). Its goal was to eliminate mundane and routine interactions with
the computer. It monitored user actions, detected patterns, and automated
them. Open Sesame! detected time- and event-based triggers, e.g. opening
an email or news app every morning or opening a folder with notes before
writing a text document. This ability was enabled by the ART networks that
categorized high level interface events in a self-supervised fashion and adapted
to the user preferences (Caglayan et al., 1997). Open Sesame! saw an initial
success, shipping to over 35,000 clients, however, its development halted in
1996 due to issues of a technical (insufficient operating system support) and
non-technical (lack of situatedness) nature (Hoyle and Lueg, 1997).
Roomba. By far, the most commercially successful product that resulted
from research in cognitive architecture is a cleaning robot called Roomba.
The first prototype called Rug Warrior ran on the Subsumption architecture
developed at MIT (Jones et al., 1998, p. 293). Its successors went on to sell
millions of units after commercial release in 2002.

Jibo. Another product, also from MIT, is the social robot Jibo, a descendant
of Kismet. Jibo had an expressive head and an articulated body and was meant
to be a companion robot for the whole family. In the demos publicized by the
company, the robot could recognize members of the household, coordinate their
calendars, answer questions, and act as a photographer for family celebrations.
Jibo went on sale in 2017, however, not many units were sold due to its high
price, limited capabilities, and issues with hardware. The company eventually
ceased operations and hardware support in 2020 due to intense competition
from voice-based assistants that lacked physical presence but were cheaper and
more useful for everyday tasks.

Thttps://soartech.com/capabilities/
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Lastly (and curiously), there is a cognitive architecture that grew out of

a commercial product. Novamente LLC was a company founded in 2001 that
designed and developed virtual agents with social abilities for virtual worlds,
computer games, and training simulators. However, in 2008 it donated the
code base for its Novamente Cognitive Engine (NCE) to CogPrime, which is
still actively developed.

9.7 Summary

Collectively, cognitive architectures show an extensive breadth and depth
of research and practical applications. We identified over 1,000 applications
and grouped them into five categories: abstract, perception & reasoning,
procedural, interactive & social, and real-world & commercial.

Abstract tasks are simplified and the abstracted versions of the human activ-
ities designed to isolate and study specific cognitive abilities in experimental
settings. Some of the most common examples of such tasks are visual search,
recalling lists of items, problem-solving, and performing two or more of these
tasks concurrently.

Perception /reasoning tasks involve perceptual processing and inference on
realistic data, for example, pattern recognition, object classification, playing
games, solving puzzles, and understanding natural language.

Procedural tasks build on reasoning and perception to enable physical ac-
tions, such as navigation and object manipulation, in simulated or real
environments.

Interactive and social tasks are the most advanced as they utilize perception,
reasoning, and decision-making to enable assistive functions, virtually or via
physical robots.

Several cognitive architectures have been tested on real-world tasks, such as
autonomous driving, space mission control, and decision-support systems,
and some even led to commercial products, like cognitive tutor based on
ACT-R and robot vacuum Roomba that grew out of Subsumption.

The task categories listed above are not distributed evenly. Aside from
several exceptions, most architectures are focused on narrow application
domains. Overall, abstract, procedural, and basic perception and reasoning
tasks comprise the majority of applications of cognitive architectures. More
advanced applications that combine these abilities are not as common. Even
less so are real-world and commercial applications.



10 Evaluating Cognitive Architectures

In the previous chapter, we looked at what cognitive architectures can do.
Here, we will focus on how to evaluate their performance and what methods
can be used for this purpose. In cognitive science and computer science,
qualitative and quantitative analysis across a variety of tasks and domains
have been instrumental for determining and comparing the abilities of different
methods. However, evaluating cognitive architectures is challenging due to
their complexity. Recalling the discussion in Chapter 1, cognitive architectures
bridge several levels of abstraction. Therefore, most architectures contain el-
ements of verbal theory, computational and algorithmic specifications, and
implementation in a specific programming language or on a specific piece of
hardware. Thus, a single evaluation method will not be sufficient. Furthermore,
various elements of the architectures are not always fully separable or fully
specified, complicating analysis and evaluation.

Despite the challenges, there are ways of evaluating complex intelligent
systems. In this chapter, following Herndndez-Orallo (2017), we will consider
two broad groups of evaluation methods—task-based and ability-based. The
task-based methods include a large arsenal of tools developed in artificial
intelligence (AI) and cognitive science. Such methods are better suited for
measuring performance of individual instances and models on specific tasks.
A second option is evaluating the system’s skills and intelligence by considering
them as a whole. In this chapter, we discuss both groups of approaches:

Section 10.1 overviews task-based evaluation methods. Because there are
many such methods, they are further subdivided into groups, such as qualita-
tive vs. quantitative, non-comparative vs. comparative, etc.

Section 10.2 describes proposals for ability-based methods that assess whether
a given intelligent system has certain cognitive abilities. These include behav-
ioral tests of intelligence (e.g. Turing test and its variants, psychometrics) and
approaches for evaluating cognitive plausibility.

10.1 Task-based evaluation

Task-based evaluation, as the name implies, relies on specific tasks with known
outcomes. There are many ways of dividing task-based evaluation methods
across multiple dimensions, such as qualitative or quantitative, analytical or
empirical, individual or comparative, benchmark-driven or example-based, and
automated or administered by humans. Each type of method has its uses,
advantages, and limitations, which will be discussed below.

First, we will look at the diagram in Figure 10.1A that summarizes all
task-based evaluation methods used to assess the performance of cognitive ar-
chitectures on different applications discussed in the previous chapter. Overall,
qualitative evaluation is quite common and is
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Fig. 10.1 An overview of evaluation methods. A) A distribution of quantitative and qualitative methods,
as well as field tests and user studies. B) A distribution of qualitative methods. C) A distribution of
quantitative evaluation methods. The following abbreviations are used: NC—non-comparative, i.e. the
method is evaluated individually; NC(h)—non-comparative evaluation on human data; C—comparative
evaluation; C(h)—comparative evaluation against human data; CBM—comparative benchmark evaluation,
i.e. unlike all previous case-based methods, a benchmark is used. For each category, the percentages are
normalized and cognitive architectures with the share above 5% of the total in the category are shown.
All statistics are computed based on the set of 800 implementations of tasks performed by cognitive
architectures and for which evaluation has been conducted.

demonstrations, i.e. narrative descriptions, optionally accompanied by illus-
trations. Field tests, and user studies are the smallest group, in line with the
rarity of the real-world applications of cognitive architectures (see Chapter 9).
Although quantitative assessment comprises more than half of all evaluations
conducted, it is mostly non-comparative, i.e. the cognitive architectures are
evaluated individually, often on small sets of examples or experimental data
from small groups of human subjects (see Figure 10.1C).

The type of qualitative and quantitative evaluation largely depends on
the type of architecture. For example, psychologically motivated architectures
are more often compared to the results of human psychological experiments,
whereas direct comparisons against human data are rare for robotic architec-
tures. Instead, they are assessed through human user studies and field tests.
The diversity of evaluation methods used for assessing individual cognitive
architectures is correlated with the diversity of tasks that they can perform,
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because evaluation methods are often specific to the task and domain. As a
result, about half of all cognitive architectures use a combination of three or
more qualitative and quantitative methods.

10.1.1 Non-comparative evaluation

Non-comparative evaluation methods are a family of evaluation approaches
that apply to individual architectures and tasks. As the name suggests, com-
parisons to other similar systems are not made. Instead, the focus is on inves-
tigating characteristics of the system, its computational cost, and effectiveness
at performing the given task.

Demonstration

Demonstrations are extensive narrative descriptions of the task execution,
often accompanied by details of internal processes, diagrams, visualizations,
or code listings. If available, photos or links to video recordings of the sys-
tem in action serve as additional illustrations. The primary goal of narrative
demonstrations is to provide an in-depth explanation of the inner workings of
the architecture and proof of its feasibility for a particular task. Other aspects
of performance, such as complexity, effectiveness, efficiency, and limitations of
the approach, are either discussed in qualitative terms or omitted altogether.

Although demos are helpful for understanding the inner workings of the
architecture, they have significant limitations due to their qualitative nature.
First, the descriptions are usually given from the authors’ subjective point
of view. As such, they comprise the best of a system’s performance and may
not fully reflect the true capabilities and constraints of the approach. Second,
while tasks used for demo may be complex, their number is usually small.
Thus, the potential for generalization is difficult to assess. Finally, narrow
selection of tasks and lack of quantitative data prevent comparisons on other
tasks and against other approaches. Given these issues, ideally, demos should
be combined with the quantitative evaluation methods but often are not; 70%
of the applications that feature demos do not use any other evaluation.

Fit to human data

One of the main goals of cognitive architecture research is to replicate and
explain what happens inside the human mind, therefore comparison to human
performance is a natural choice for evaluation. First, a task is selected for which
human data exists, or an experiment is conducted with human participants
to gather data. Then an instance of the cognitive architecture is constructed
for the task, with inputs and outputs approximating stimuli presented to the
human subjects and their responses, respectively. Finally, the output of the
model is compared to the human data. A good fit supports the claim that
the system behaved in a human-like manner when performing the task. The
examination of the intermediate representations can further confirm that the
architecture works in line with known theories or reveal previously unknown
phenomena for further research and experimentation.

For the psychologically motivated cognitive architectures, such as ACT-R,
CHREST, DUAL, and EPIC, comparing the predictions of the models to the
results of human experiments is a prominent part of their evaluation strategy.
ACT-R stands out in this group both in terms of the absolute number of
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human experiments replicated (over 130) and in relative terms (two-thirds of
all ACT-R evaluations are based on psychological experiments, compared to
less than a quarter for other architectures). Overall, since the 1970s, hundreds
of experiments were reproduced in dozens of cognitive architectures. Although
modeling human data is well established in cognitive science, such evaluations
must be judged critically due to the limitations that can diminish the meaning
and significance of the results. The issues can be grouped as related to data,
models, and the fit between the two.

Sources of human data. Research on cognitive architectures relies on data
from numerous psychological studies. About half of these results come from
published experiments, and the other half are the results from studies designed
and conducted to be replicated in cognitive architectures. There are trade-
offs associated with each. Using data from the existing publications saves
labor, but can create additional difficulties. For example, it may be difficult
to replicate an experimental setup if its description is incomplete. In addition,
if raw experimental data is not available, statistical analysis may be limited
(more on this later). While designing the experiment and gathering data for
the purpose of validating the architecture can alleviate some of these problems,
it may inadvertently introduce bias if the task and experimental conditions are
more aligned with what the cognitive architecture can do.

Validity of data. Independent of the experiment design, there is also a chance
that the discovered effect may not exist (a false positive) or exist only under
certain conditions, in which case the model and the evaluation are meaningless
at best and misleading at worst. This is not a new concern. In fact, the issues
with the validity of findings in psychology has been debated for many decades
(Bakan, 1966; Rossi, 1990).

The “validity crisis” in psychology and cognitive science has many con-
tributing factors, such as lack of replicability studies (Francis, 2012), misun-
derstanding of replicability (Schmidt and Oh, 2016), low statistical power of
the results (Morey and Lakens, 2017), widespread p-hacking! (Simmons et
al., 2016), bias toward publishing only positive findings (Ioannidis, 2012), and
even intentional fabrication of results (Fanelli, 2012).

Because the causes are numerous, there is no universal remedy. Over the
years, long lists of best practices have been formulated, focusing on improv-
ing collection, sharing, and statistical analysis of data (Lishner, 2015; Lee
et al., 2019). Meta-studies, data and model availability, preregistering the
experiments, and other countermeasures are becoming more common in psy-
chology and cognitive science. Although validity concerns apply to research on
cognitive architectures as well, the problem is not widely acknowledged and
best practices are not applied consistently in this field.

Model fidelity. Cognitive architectures do not model all aspects of human
cognition with equal fidelity. Perception and motor control, in particular, are
often simplified the most. Theoretically, fidelity will suffer more when using

IP-hacking refers to various misuses of the p-value, which is most commonly used in the null
hypothesis significance testing as a statistic that measures strength of evidence against null hypothesis
(Schervish, 1996). Since p-value is one of the main proofs for the validity of findings, it is susceptible
to manipulation. P-hacking is widespread and takes many forms, from selective reporting of only
significant results to various postanalysis techniques to boost p-values, and stopping analysis once
desired significance is achieved (Head et al., 2015).
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the results of the previously published experiments, since the description of
the methods and instruments may not be sufficient for the full reconstruction.
However, simplifications happen even when using data collected for the pur-
pose of modeling. For example, an experiment for validating a DUAL model of
episodic memory recall required human subjects to view images but the model
itself lacked perception (Kokinov et al., 2007). Similarly, reconstruction of the
recorded data regarding bonus negotiations in Clarion focused only on affect,
omitting the conversational component (Allen and Sun, 2016). To evaluate the
model, self-reported values of affect were mapped to Clarion’s drives.

When the authors have control over the experiment design, they can also
modify it for a better fit to the abilities of the cognitive architecture. For
modeling the Tower of Hanoi in ACT-R, Anderson and Douglass (2001) made
the following changes: to simplify perception and motor response, the puzzle
was presented as a 2D schematic on the computer screen and mouse clicks were
used to move disks. To expose problem-solving strategies, human participants
were asked not only to move the disks to destination pegs, but also to specify
goals that they could not act on yet.

Finally, there is the issue of adapting the output of the model to better
match the results of human experiments. One concern is timing of the events,
particularly when response times are being compared. Since cognitive archi-
tectures run on computer hardware, some processes (e.g. visual processing and
motor responses) could take longer than those of humans, while others (e.g.
symbol manipulations) may run significantly faster. One solution to this issue
is to set constant timings for the events based on the estimated values from
human data, as has been done in ACT-R, EPIC, CHREST, MHP, and few
others. Another is to postprocess the output of the cognitive architecture. For
instance, CPU times of the Soar model were averaged over multiple trials and
scaled to better match human response times (Lathrop and Laird, 2007). In
ACT-R model, the retrieval time parameter was increased to compensate for
slow execution time of the motor commands (Harrison and Trafton, 2010).

In sum, for a variety of reasons, replicating the exact conditions, stimuli,
and output of human experiments is almost never feasible and approximations
are inevitable. However, their extent is in many cases unknown because both
experimental setup and its simulated version are often not provided in suf-
ficient detail. The effects of modeling simplifications on the results are even
more difficult to estimate, and we are not aware of any studies that attempted
to do so.

Fit to human data. The correspondence between the human data and mo-
del output can be shown in different ways. Sun and Ling (1998) list, in
the order of increasing precision, behavioral, qualitative, and quantitative
fit. Behavioral match is the easiest to satisfy—all that is needed is a rough
correspondence between the model outputs and human data under similar
conditions. Qualitative and quantitative fit require relative and absolute fit
to the data in numerical terms, respectively, which is more difficult to attain.
Most of the models we considered achieve at least qualitative correspondence,
i.e. the same trends in performance and errors as human subjects did under
various conditions. Fewer can show a quantitative match in absolute numerical
terms. At any rate, given the issues with model fidelity discussed earlier, such
matches would be difficult to ascertain.
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Presuming it can be done, is showing a good fit to data enough? The answer
can be found in the psychology literature, where goodness of fit continues to
be a dominant but also controversial evaluation approach. The fact that more
complex psychological models present a new set of challenges for evaluation
has been recognized for at least sixty years (Grant, 1962) and later summarized
in an influential work by Roberts and Pashler (2000) as the following three
issues:

e Model flexibility. If a model has adjustable parameters, then showing a
good fit to the data for a single set of parameters is insufficient. Instead,
the parameters should be varied over their range to determine what other
relations between the measures can and cannot be modeled.

e Data variability. Without knowing the range of plausible values of observa-
tions, good fit is meaningless. One should determine the variability of the
data along the dimensions that are constrained by the model. Only if they
are consistent, should the model fit be considered good.

e [t likelihood. If a theory can fit any plausible result, the theory is not
falsifiable and fit to the data is not as impressive. Thus, there should be
plausible outcomes not predicted by the model.

These concerns are valid not only for psychological models but for cognitive
architectures as well, as acknowledged by many in the field (Simon, 1992;
Ritter et al., 2003; Sun et al., 2005; Gluck and Pew, 2006; Halbriigge, 2007).
For example, Halbriigge (2007) notes that cognitive architectures present an
additional set of challenges, namely:

e Possible mismatch between the theory and its implementation in the cogni-
tive architecture;

e Limited interpretability of the models, since software is often unavailable or
difficult to understand;

e Introduction of additional assumptions, which may contribute to the per-
formance or fit to data more than the underlying theory;

o Difficulty of establishing falsibiality. As complete Turing machines, cognitive
architectures can perform any computation; if a cognitive architecture can
model an empirical effect, it can in principle model its negation as well.
Thus, only specific instances or assumptions can be falsified, not the entire
architecture.

Only some of these concerns have been addressed in the literature on
cognitive architectures, specifically determining the complexity of the models,
generalization to other tasks or datasets, falsifiability, and implementation.

o Model complezity. Complexity of the models is usually discussed in terms of
free parameters. A model with only a few or zero free parameters is seen as
a more convincing proof of the validity of the cognitive architecture because
the fit to data can be attributed to the theory and assumptions of the model
rather than parameter manipulation.

What constitutes a free parameter in a cognitive architecture is not very
clear. The consensus appears to be that free parameters are those that
are a) set on the architectural level and used across many instances (e.g.
global settings, such as learning rate, memory decay, duration of cognitive
cycle) and b) are varied systematically or to match experimental conditions.
For production systems, the free parameter set could also include produc-
tion rules (Simon, 1992) as well as the memory elements (chunks) used
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to represent the problem and activated during problem-solving (Baker et
al., 2003). In addition, the algorithmic structure of the model introduces
additional degrees of freedom that are difficult to account for, as shown in
the experiment by Halbriigge (2007).

In practice, select few architectures perform any kind of complexity
analysis and in doing so usually consider only global parameters, ignoring
other sources of complexity, such as memory contents or trainable weights
of connectionist components, if present.

e Model generalization. Generalization is the ability of the model to respond
adequately to unseen data from the same task or perform a different task.
The fact that many cognitive architectures have shown a good fit to multiple
tasks and datasets using the models with a few parameters is often used as a
proof of their generalizability. What these statements often omit is whether
the same version of the architecture and the same implementation of the
model was used. Particularly, for the projects that span decades, changes
accumulated over time may be significant. Even optimizations to the code,
not related to the core architectural mechanisms, may change the behavior
of the model.

o Model falsifiability. Falsifiability of architectures or their instances remains
largely unaddressed. Only several case studies have been conducted, and
most do not refute the issues mentioned earlier. Specifically, Schultheis
(2009) showed that ACT-R put too few constraints on computation and
could model any function. In addition, the existence of numerous software
variants of ACT-R and further modifications and assumptions made in
individual models made it nearly impossible to ascertain the compliance
of models to theory. Similar issues have been pointed out for Soar (Hunt
and Luce, 1992; Cooper, 2006) and likely apply to other projects.

e Implementation. Lane and Gobet (2012), using CHREST as an example,
argue for adopting software engineering practices to address the problems
of theory and implementation mismatch, versioning, and reproducibility in
cognitive architectures. Specifically, the benefits of test-driven development
and refactoring are demonstrated. For example, carefully designed tests
help identify failures in implementation, ensure consistency across different
versions of software, and identify gaps in theory. Refactoring, in turn, has
little effect on the functionality but helps maintain quality of design as the
software base evolves.

Effectiveness evaluation

Effectiveness evaluation quantifies how well a cognitive architecture performs
a particular task with respect to the numeric metrics and measures that
have specific interpretation. For example, accuracy and error rates are used
for classification and recognition tasks, task completion rates are used for
various robotic tasks, and positioning errors for object manipulation tasks.
Besides metrics, quantitative evaluation requires a set of test cases with known
outcomes. The test set must be of appropriate size: a set too small will likely be
not representative, but a large set may be difficult to collect and later difficult
to examine. Selection of test cases also matters: they may be sampled randomly
from a larger population, selected systematically, or chosen to represent a
typical case. Lastly, it is important that the operational domain is precisely
defined.
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The majority of cognitive architectures are tested on a few dozen test
cases—images, data samples, or simulation runs, depending on the application.
Selection process is often not discussed explicitly, however can be inferred
from the literature to some extent. Systematic exploration of a range of values
is the most common, followed by a selection of typical cases, as deemed by
the authors. In rare cases, testing was limited to several ad hoc examples.
The only exception is the Leabra model for object recognition tested on a
synthetic benchmark CU3D-100 comprised of 100 object categories (with 9-10
examples of each) and controlled variability in pose and illumination (O’Reilly
et al., 2013).

An obvious characteristic of individual evaluation is that it does not require
comparisons to other models. It is somewhat justified when certain expecta-
tions for performance already exist or if the goal is merely to demonstrate
that the solution is valid, even if it is not the best. For example, Soar learned
rules for multiple board games to show benefits of transfer learning (Kirk
and Laird, 2016), the SASE robot traveled along the hallway under human
supervision (Zhang et al., 2005), and SPA parsed simple commands (Stewart
and Eliasmith, 2013).

Performance analysis

Performance analysis focuses on running time and computational resources
needed for running the program, both important measures for assessing the
model’s scalability and practical viability. However, for cognitive architectures,
computational complexity and responsiveness are rarely reported because the
vast majority of applications and tasks they perform are on a small scale.

Only a handful of examples where performance is of concern focus on
speed of execution in time-sensitive domains, such as robotics and human-
computer interaction, however the evaluation itself is often limited and in-
formal. For instance, the analysis of search space for rule inference for the
Disciple architecture was done only for a single rule (Tecuci and Hieb, 1996).
Similarly, reduction in the number of scene captures performed by MDB during
object search was shown only for a single scenario (Bellas and Duro, 2003).
Assertion of DIARC’s planning time under 1 s even for complex environments
was demonstrated with a single sample scenario (Talamadupula et al., 2010).
For PRS runtime statistics for three illustrative equipment failure scenarios
(Ingrand and Georgeff, 1990). Lastly, effects of input size on the running
time of ART-based image classification algorithm were demonstrated for a
small set of 26 images representing letters of the English alphabet (Kane and
Paquin, 1993).

Human evaluation

Human assessment involves asking human subjects to use the system and
report on their experience. Naturally, human evaluation is most suitable for
the applications that involve human-machine interaction (HMI). Although
there are many cognitive architectures that have an HMI component, only
some of them have been evaluated with human participants—Disciple, Kismet,
TCA, and CORTEX. Disciple is an architecture for knowledge-based agents
that collaborate with and learn from domain experts, some in safety-critical
domains, such as combat operations and emergency response. Disciple’s eva-
luation focused on the usefulness and correctness of the suggestions made by
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the system, and the ease with which mistakes could be corrected. Kismet,
a social baby-like robot, was evaluated for its social abilities. The salesman
robot Gualzru and the office robot Xavier controlled by CORTEX and TCA,
respectively, were tested for ease of interaction with the users and for task
completion. A summary of human evaluation of these architectures follow:

e FEzxpert vs. non-expert users. Disciple was designed for decision-critical do-
mains, such as combat operations and emergency response, therefore it was
evaluated by experts. The rest of the systems were meant for the general
public and therefore evaluated by non-expert subjects not involved in the
development.

e Time and number of interactions were not reported, except for Kismet,
where individual experiments were conducted once and lasted 20-30 minutes
(Breazeal et al., 2001). Experiments with CORTEX took place during the
course of a day, Disciple over several days, and the TCA experiment ran
for a few hours daily over 3 years (1995-1998), therefore many users could
potentially interact with the system multiple times.

o The number of subjects varied. Kismet was evaluated with 4-5 users, Dis-
ciple with 20, and CORTEX with 50. TCA did not report the number of
individual users, however, their experiment was accessible to anyone with
internet access and over 30,000 tasks were placed over the course of the
experiment.

e Feedback modality. Evaluations of Disciple and CORTEX relied on surveys
with categorical scales. The users were asked 1040 specific questions regard-
ing their interaction with the system and its outputs. On the other hand,
the subjects interacting with Kismet were not instructed. Instead, their
interactions with the robot were observed by the researchers and recorded,
but no other feedback was requested. TCA developers likewise relied on
recordings of interactions and less so on informal feedback provided via
online guestbook.

o Analysis of responses was largely limited to descriptive statistics for survey
data (CORTEX, Disciple) and task completion rates (TCA). No statistical
analysis was performed. In addition, in all cases, a qualitative summary was
provided to describe the positive and negative outcomes of evaluation.

o Comparative evaluation is usually not done, i.e. human users interact with
a particular version of a single cognitive architecture and provide feedback
individually.

Despite the lack of common procedure for human assessment of cognitive
architectures, even these informal tests provide useful feedback and expose
unanticipated limitations. In all cases described above, users outside the de-
velopment team interacted with the respective systems in unexpected ways,
revealing bugs and deficiencies. For example, the Xavier delivery robot crashed
on the first day of operation because the users were telling it to go to the
location it already was at (Simmons et al., 2002). The salesman robot Gualzru
experienced difficulties hearing in noisy environments. People who wanted to
interact with the robot had to move closer to it, which put them outside
the range of the robot’s stereo camera used for person identification. Based
on additional user feedback, the robot was reprogrammed to face the person
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talking to it and not to follow people who declined its request for conversation
(Romero-Garcés et al., 2015a).

10.1.2 Comparative evaluation

Up until this point, we have considered only individual evaluations, i.e. testing
a single architecture on a set of test cases. Comparative quantitative evalua-
tions use the same strategies and measures as individual ones but apply them
to more than one entity. There are three aspects of comparative evaluations
that we will discuss: the models comparison set, test data, and purpose of
evaluation.

Model comparison set. There are several options to use for comparisons:
baselines, variations of the same model, models based on other cognitive ar-
chitectures, and specialized narrow models. Three-quarters of all comparative
case studies are ablative, i.e. the comparison is made to a version of the model
based on the same architecture. There are almost no comparisons against
the models based on other cognitive architectures with very few exceptions,
e.g. ACT-R was compared to EPIC (Byrne et al., 1999) and EPIC was com-
pared to GOMS (Kieras, 2005). As an alternative, cognitive architectures are
sometimes compared to specialized Al or cognitive models. Finally, the scope
of comparisons is minimal: ablation studies may consider 4-5 variants® but
for comparisons to other works usually only 1-2 models are used. Finally,
the use of baselines for evaluation is surprisingly limited, especially given the
difficulties with making other types of comparisons.

Test data. Virtually all cognitive architectures we reviewed have been evalu-

ated on small sets of hand-picked test cases that are selected for each applica-

tion. Partly, this is an artifact of their longevity. Small-scale custom evaluation
was common in most of the history of Al, and only in the past decade become
more standardized. Currently, benchmarks serve as one of the main evaluation
methods in Al for assessing model performance. A benchmark is typically

a large and diverse set of data points corresponding to a specific task or

tasks, with defined ground truth, metrics, and procedures for evaluation. To

enable comparisons, most benchmarks are either publicly available or provide
alternative means for evaluation, for example, via a public API.

Benchmark-based evaluations of cognitive architectures are not common,
comprising less than 3% of all evaluations. Some notable examples are listed
below.

e OSCAR-based model of deduction was tested on a large subset of the TPTP
library (Sutcliffe and Suttner, 1998) of test problems for automated theorem-
proving (Pollock, 1999);

o ACT-R model of backgammon was evaluated against backgammon pubeval
(benchmark player) (Sanner et al., 2000);

e A relational learning system based on PRODIGY was applied to planning
problems at ATPS’00 (Aler et al., 2003);

e Bayesian ARTMAP model of image classification was tested on 20 image
datasets (Vigdor and Lerner, 2007), including the USPS dataset of hand-
written text (Hull, 1994);

2As an exception, Marewski and Mehlhorn (2011) built 39 ACT-R models with different
assumptions and tested then on a battery of human
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e Companion model of analogical question answering was applied to a chal-
lenging text comprehension dataset ProPara® (Ribeiro et al., 2019).

Purpose of evaluation. In 80% of the cases, evaluation focuses on effec-
tiveness, i.e. how well the task is accomplished, rather than time or space
complexity of the solution. Among the one-fifth of the studies that consider
runtime performance, the majority target optimization. Sometimes, perfor-
mance complements efficiency evaluation. For example, the ACT-R model of
backgammon won fewer games than the classic TD-Gammon algorithm but
required orders of magnitude fewer samples to train (Sanner et al., 2000).

The advantages of comparative evaluations are obvious: they rank different
solutions, help identify failures, and track progress toward solving a problem.
In addition, the mere process of evaluating others’ work has inherent benefits.
By doing so, researchers are compelled to closely examine alternative solutions,
which in turn helps them find gaps in their own understanding and gain
a deeper insight into the problem at hand. Thus, comparative evaluations
promote discussion and exchange of ideas and solutions. Despite its evident
benefits, comparative evaluation of cognitive architectures has not become
a dominant or even significant assessment method for a combination of the
following reasons:

e Level and granularity mismatch. Cognitive architectures come from differ-
ent backgrounds and model phenomena on different levels and with varying
granularity. These factors do not prevent comparisons outright, but they
do make them more difficult.

e Large number of phenomena to investigate. The number of human cognitive
abilities is vast. As a result, even if two cognitive architectures study similar
phenomena, the number of concrete tasks to consider is large enough that
the overlap between them is small.

e No other models available. Consequently, if the task has not been investi-
gated before, there is nothing to compare to. This was often the case for
the early architectures, but less so in many of the current projects.

o Missing software infrastructure. For most cognitive architectures, the soft-
ware is not available, so it is often impossible to test them on a new task for
comparison. Even if the code or binary is available, it may not be possible
to run due to its complexity and lack of documentation.

e Inadequate performance. Comparisons on modern benchmarks may not be
favorable; cognitive architectures historically performed on par or worse
than narrow Al approaches whenever such comparisons have been at-
tempted. As a result, there is less incentive to conduct such studies.

o Lack of expertise. Expert knowledge of multiple cognitive architectures is
needed to conduct the evaluation fairly. However, few researchers have such
expertise.

e Low interest. Rarity of quantitative comparisons in the literature and
personal communication with some practitioners point to a lack of interest
from the community in this type of assessment. Even though data and
narrow Al models are now widely available for a number of tasks, particu-
larly in the vision and language domains, cognitive architectures are rarely
tested against them.

3https://allenai.org/data/propara
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To be fair, comparative methodology should not be treated as the final
goal. The shift toward benchmarks in Al during the past decade plus demon-
strated progress mainly on the applied side, whereas basic understanding of
intelligence has been far less affected. The cognitive architecture community is
addressing problems whose inherent solution is far larger than modern applied
Al research and far less amenable to brute-force approaches facilitated by mass
deployment of GPUs (see Chapter 11). Further, the desire to be truly explana-
tory of human intelligence is approached with greater respect for human data
than AI at large. Because performing comparative comparisons properly is
difficult, fewer of them are attempted. The solution moving forward will require
input from the entire community to develop appropriate methodologies. The
next section will discuss potential directions for further investigation.

10.2 Ability-based evaluation

Ability-based evaluation is meant to be more high-level, broad, and holistic
than a task-based one. The latter, as we saw in the previous section, is already
non-trivial but determining whether the agent has a certain ability or even in-
telligence is a different matter altogether. Not because there are no definitions
for cognitive abilities or intelligence and the methods for measuring them, but
because there are too many. Therefore, any declaration of ability or intelligence
is bound to be context-dependent and lacking in some respects, and hence more
likely to be contested on those grounds. Nevertheless, evaluating intelligence
of artificial agents (including cognitive architectures) has undoubtedly been
one of the drivers of progress in the field. In this section, we will look at two
directions toward this goal: 1) Turing test and alternative tasks for measuring
intelligence and 2) evaluating cognitive and biological plausibility.

10.2.1 Turing test and beyond

The Turing test, which predates the field of Al itself, was meant as a simple
and intuitive way of testing whether a machine can think. Although its value
as a test of intelligence has been questioned, it is an interesting and thought-
provoking concept that remains a part of the ongoing discussion regarding the
nature of human and artificial intelligence.

Original and modified Turing test

The Turing test is named after Turing (1950) and is based on the following
imitation game with three human participants: a man (A), a woman (B), and
a judge (C). The goal of the judge is to identify which one of the partic-
ipants is male and which is female. The goal of the man is to imitate the
woman, and the role of the woman is to help the interrogator. To obscure
their identities from the judge, participants A and B are located in a different
room and communicate with the judge using a teleprinter. However, when
Turing adapted the imitation game for testing machine intelligence, due to
the somewhat ambiguous writing, two interpretations emerged:

The original Turing test. According to the literal reading of the 1950 pa-
per, human participant A is replaced with the machine and the rest of the
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setup remains as it was, i.e. the conversation is between three participants: A—
a machine impersonating a woman, B—a man, and C—a judge, who decides
which of A and B is a man or a woman.

The modified Turing test. A more familiar version of the Turing test is
the game with two participants: a judge and an entity that may or may not
be human. The judge has to decide whether a machine or a real person is
answering the questions. The goal of the machine is to fool a judge into
believing it is human. This reading is sometimes referred to as standard
(Piccinini, 2000) and is consistent with the Turing’s own statements given
in a 1952 radio interview (Copeland, 2004, p. 495). The advantage of this
version of the test is that it is easier to administer and arguably easier to pass
for machines.

Although the modified version of the Turing test (sometimes referred to
as “species test”) is dominant in the literature and the one implemented in
practice, Pinar Saygin et al. (2000), Traiger (2000), and Sterrett (2000) argue
that the original setup (“gender test”) is a more fair and unbiased test of
intelligence. Since the test requires both the machine and a person to imitate
someone else, it leads to a more nuanced comparison between the two. For
example, a machine can be more successful at impersonation than another
human, an outcome not possible when only the machine has to convince
a judge of its humanness, while the other participant acts as themselves.
Another advantage of the original formulation is that it is less dependent
on the skill of the interrogator, since both participants will be subject to the
same evaluation. Similarly, the judge’s beliefs about machine behavior become
irrelevant, potentially reducing bias in their assessment. Finally, the original
test is more complex, as three entities must interact, instead of two.

Turing test in practice

In 1950, Turing predicted that in fifty years a program of about 100 megabytes*
will play the imitation game well enough so that an average human interroga-
tor will have only 70% chance of identifying it correctly after a five-minute
interview (Turing, 1950). In the 1952 BBC interview, Turing extended the
prediction to a hundred years.

The test of this prediction came ahead of schedule, in 1991, when the
Loebner Prize was established. The first ever winner, a chatbot named PC
Therapist 11T (Weintraub, 1992), convinced 5 out of 10 judges that it was a
human (Epstein, 1992a). Two other notable chatbots, Cleverbot and Eugene
Goostman, also claimed to have passed the Turing test. Cleverbot was judged
in the 2011 Techniche festival in India as human by 59.3% of those who
interacted with it (Aron, 2011). Three years later, at the test held at the
Royal Society of London, a chatbot convinced 33% of the judges who talked
to it that it was a Ukrainian teenager named Eugene Goostman (Warwick and
Shah, 2016).

Although the three chatbots above and many others technically satisfied the
conditions indicated by Turing, whether they actually passed the test is debat-
able. Statistically, the sample of conversations was too small to be significant,
and reading the transcripts raises additional questions. Anecdotally, generic

4Turing’s (1950) paper mentions storage capacity of 109 without specifying the units. We assume
he meant bits, since bytes were introduced after his death.
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conversations were in favor of the machines, whereas strictly defined topics
disadvantaged human participants. As Epstein (1992a) notes, during the first
Turing competition, the out-of-context remarks made by PC Therapist I1I were
perceived as fitting the “whimsical conversation” topic that its terminal was
labeled with. At the same time, three judges penalized a human participant,
Cynthia Clay, who chose the topic of “Shakespeare” because her depth of
knowledge was deemed unnatural. The judges with expertise in computer
science and familiarity with the chatbot technology also had an easier time
spotting response patterns and errors typical of machines (Shieber, 1994).
Analysis of the transcripts by Halpern (2006) points to flawed approaches to
conversation from some judges who insisted on short answers and keeping the
conversation on point to the detriment of human participants.

Despite improvements in the chatbot technology, the subsequent winners
of the Loebner Prize competition received lower scores and none won the silver
or gold medal for convincing more than half of the judges and passing the ad-
ditional tests of text comprehension, visual, and auditory input, respectively.®

Criticisms and objections

By many accounts, the Turing test had lost its status as a grand challenge in
AT at the end of the 20th century but remained a starting point for discus-
sions on measuring intelligence. Before we move toward describing the test’s
shortcomings, we believe it is necessary to point out the good qualities of the
original proposal: the test is easy to administer, entry cost is low as it requires
no sophisticated equipment, the results are clear to obtain and explain, the
task is challenging and interesting enough for researchers to work on, and
simple enough to appeal to the general public.

Nevertheless, shortly after publication, Turing’s idea was met with crit-
icisms of a both philosophical and practical nature. Given the volume of
commentary that has accumulated over the past seventy years, below we
summarize only the core issues with the test.

Behaviorism. The formulation of the test was intentionally abstracted from
how the artificial agent solves the task, which can be seen as both its strength
and weakness. On one hand, it is a way to avoid debating the definition of
intelligence. On the other, focus only on the final outcome ignores many aspects
of intelligent behavior, such as how one perceives anything, how one decides
what is important, how one decides what actions to take, and more.

Context-dependence. The context and interface through which the com-
munication occurs may alter the outcome of the test. During one informal
session, a student acted as a machine and the other subjects did not suspect
they were talking to an actual human, even though the student did not change
their behavior or try to be more machine-like (Watt, 1996).

5Regrettably, the Loebner Prize became defunct circa 2020 before large-scale language models
(LLMs) could participate. Although the new crop of neural models exceeds Turing’s conditions size-
wise, they are arguably better than their predecessors at generating coherent and grammatically
correct text. However, besides the early reports of the language model LaMDA fooling a Google
engineer that it was sentient (Lemoine, 2022), the majority of LLMs did not come close to passing
for a human. To list a few, ChatGPT, arguably the most advanced system optimized for conversation,
failed to convince a philosopher (Hanna, 2023), volunteers in a small study (Guo et al., 2023), and
marketing experts (Cook, 2023).
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Pass/fail scoring. The all or nothing evaluation is not suitable for research
for the following reasons:
e [t is not diagnostic. A single fail/pass score is not helpful, because it does
not reveal what elements of the system need improvements.
e [t gives no partial credit. An incomplete solution or a solution that does
well on some aspects of the task is not rewarded.
e [t is not incremental. Gradual development of the solution is discouraged
since the task is not decomposable and its difficulty cannot be controlled.

Passing the test # intelligence. This objection questions whether the test
is a sufficient medium for demonstrating intelligence, given that obviously
intelligent agents (humans) have failed the test in the past (Hofstadter, 1982)
and that there are possibilities for obviously non-intelligent agents to game
the test to pass it. Several such agents have been discussed:
e Blockhead—A giant look-up table or decision tree for every possible ques-
tion (Block, 1981) (an argument similar to Searle’s (1980) Chinese Room).
e Random—A random finite state automaton generating random English
sentences may get lucky and fool the judge (Pinar Saygin et al., 2000).
o Artificial stupidity—An uncooperative agent that evades interaction but
nonetheless responds in a human-like manner (Hutchens, 1997).
Biased judging. The need for a human interrogator introduces additional
issues, such as:
e Difficulty automating and scaling the test. Having human judges limits the
number of tests that can be administered.
e Dependency on the skill of the interrogator. Depending on who the judge
is, the questions may be of arbitrary difficulty.
e Possible advantages to human participants. Any prior knowledge about the
participants can be exploited by the judge.
Aviation analogy. Some argue that the test of human-like intelligence is not
necessary or is even harmful, as it will lead to attempting to make a literal
copy of the human mind. For example, airplanes are designed to fly without
emulating all biological principles of flight. The result is a different kind of
flight, superior in some aspects and inferior in others. By analogy, we should
put aside trying to imitate human intelligence in every aspect and accept that
machine intelligence may be qualitatively different.
Anthropomorphism. The Turing test has been called chauvinistic because
it was modeled on human intelligence to the disadvantage of other intelligent
entities, e.g. those that cannot communicate using language or do not conform
to human cultural norms.

Many of these objections can be deflected if one does not believe that
Turing’s imitation game was ever meant to be a test or working definition of
intelligence. Copeland (2000) and Berrar et al. (2013) reach this conclusion
after a thorough analysis of Turing’s papers and interviews. Turing used the
terms “game” and “test” interchangeably to describe the evaluation proce-
dure and at no point precisely defined the meaning of “thinking machine,”
suggesting that the test was a speculation on his part rather than a rigorous
proposal.

Despite its deficiencies the Turing test is still part of the discourse around
intelligence. While the original test has been largely abandoned as a real
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goal for developing Al, it continues to fuel discussion around assessing hu-
man and non-human intelligence. Every new proposal aims to overcome the
shortcomings of the Turing test and its variations by 1) modifying the task
and evaluation to make the test more robust against cheating and conductive
to incremental research and/or 2) extending the test beyond the linguistic
domain toward testing other aspects of intelligence.

Turing test variations

Variations of the Turing test aimed at improving the original proposal in
various ways, mainly to address the possibility of gaming it. To assess other
aspects of intelligence, tests that involve embodiment and more complex tasks
were also proposed. Below we list some of them.

Linguistic Turing tests. Most of these tests are still administered in the
same way as the original proposal, i.e. there is a person who judges how
successfully the machine was able to impersonate a human.

o Inverted Turing test. Watt (1996) suggested an Inverted Turing test, where
the task of a machine is to tell people from machines. The premise is that to
do well on this task, the machine needs to develop the same understanding
of naive psychology as human judges.

o The Feigenbaum test. The Feigenbaum test uses the Turing test framework
to evaluate deep domain expertise. First, up to ten research areas are se-
lected, such as astrophysics, computer science, molecular biology. For each
area, two elite scientists are chosen—one as an opponent to the machine
and one as a judge. The judge then interviews the machine and the scientist
in their area of expertise and decides which of them is a human scholar
(Feigenbaum, 2003).

o Moral Turing Test. Another variation proposed by Madl and Franklin (2015)
keeps the standard Turing test framework but evaluates the morality of the
agent by constraining the topic of conversation.

o Questioning Turing Test (QTT). Damassino (2020) proposed switching the
task from question answering to question asking. Now instead of waiting
for the judge’s input, the machine interrogates the judge, for example, by
playing a twenty questions game. Potentially, the task can be extended to
First Aid QT'T (query the judge acting as a patient on their medical history)
or Detective QTT (interrogating a judge pretending to be a suspect). The
new format prevents gaming and discourages brute-force agents by placing
a limit on the number of questions asked.

e Handy Andy. A test devised by Cohen (2005) requires a machine to produce
a five-page report on an arbitrary topic with the tools and resources available
to humans, i.e. access to the internet, encyclopedias, etc.

e Text comprehension. To pass, a machine needs to answer an open-ended
question about a given text or potentially any other source of information,
such as a podcast, or a video (Paritosh and Marcus, 2016; Kocisky et al.,
2018).

Robotic Turing tests. A Total Turing Test (T'TT) (Harnad, 1991) reframed

the Turing test as a robotic challenge that required the systems to be embodied

and perform real tasks in the real world on par with humans. TTT was a

thought experiment primarily to defeat Searle’s argument and demonstrate

the limitations of text-based evaluation, but at least two incarnations of the
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embodied Turing test exist. One is RoboCup (Mackworth, 1993), a well-known
challenge with the goal to beat human world champion soccer teams by the
year 2050. The second challenge similar in spirit is proposed by Ortiz Jr
(2016) and features everyday tasks, such as setting up tents, building modular
furniture based on instructions, and real-world collaborative interaction.

General game playing. Board games and later computer games have been
an invaluable tool for developing AI. Therefore, it is not surprising to see many
adaptations of the Turing test to the task of playing games. One of the early
proposals is “game player’s Turing test” (Epstein, 1994). Al passes this test if it
is reliable (can win consistently against players of any skill level) and powerful
(can exploit the errors of the opponent). More literal renditions of the Turing
test for games are the 2K BotPrize (based on a first-person shooter Unreal
Tournament 2004) (Hingston, 2009), the Turing test track for Super Mario
AT benchmark (Togelius et al., 2013), and the Turing Tournament (two-player
board games) (Arifovic, 2005). The first two rely on human judges to determine
whether the Al playing the game acts like a human player. During the Super
Mario AI challenge, an audience of non-experts viewed videos of humans
and agents playing the game and cast their votes. Initially, 2K BotPrize also
asked external observers to judge the humanness of the game agents. In the
next iteration of the test, the judges played the game against human and
artificial opponents to decide which one is which (Hingston, 2010). The Turing
Tournament substitutes human arbiters with computer algorithms, therefore
two types of programs take part in the contest—emulators that aim to mimic
human players and detectors that try to tell human players (represented by a
prerecorded dataset) from machines.

Miscellaneous tasks. A multitude of tests have been proposed for nearly
every human activity. Perhaps, the most known is CAPTCHA, which stands
for Completely Automated Public Turing Test to Tell Computers and Humans
Apart (Von Ahn et al., 2004). This test is designed to distinguish humans and
computers apart by asking them to decipher noisy images or text. Among
other proposals are the employment test (passing certification for a regular
job) (Nilsson, 2005), the navigation test (navigating a 3D virtual space as
well as a human) (Devlin et al., 2021), driving test (driving a car like a
human) (Stanton et al., 2020), the non-verbal Turing test (human-like gaze
during social interaction) (Pfeiffer et al., 2011), graph drawing (compares
graph layouts generated by machines and humans) (Purchase et al., 2020),
and even artistic creativity test (create art indistinguishable from human)
(Boden, 2010).

Multi-task benchmarks. I-athlon was one of the first proposals for a multi-
dimensional Turing test akin to Olympic Decathlon (Adams et al., 2016). Sev-
eral candidate events were described, such as image understanding, diagram
understanding, speech generation, natural language generation, collaboration,
competition, reasoning, creativity, interaction, embodiment, and more. Specific
tasks for each event were to be automatically generated and evaluated without
any human involvement.

Although I-athlon never materialized, several similar multitask benchmarks
have been developed. One example is the Visual Turing Test, which contains
a set of images extensively annotated with object locations, properties, and
queries regarding what is depicted in the scenes (Geman et al., 2015). While
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some queries may be relatively easy, for example detecting whether a certain
object is present, others may require spatial reasoning about relationships
between objects in the scene. The largest to date multitask benchmark is
called BIG-Bench, which stands for Beyond the Imitation Game (Srivastava et
al., 2023). Although it is limited to natural language and arithmetic problems,
it more than makes up for it by sheer volume of implemented tasks. As of
today, more than 200 tasks contributed by over 400 authors are available for
anyone to try.6

Recent developments in deep learning, especially the onslaught of the large
language models (LLMs) and chatbots, revealed two fundamental problems
with the linguistic tests as a measure of intelligence: they are susceptible to
data contamination (training on benchmarks) and shortcut learning (exploit-
ing biases in the datasets) (Mitchell, 2023). There are solutions that miti-
gate these issues by introducing subtle changes to test deeper understanding
(Dong et al., 2023; Shapira et al., 2024) and curating the data to avoid biases
(Sakaguchi et al., 2021), however, these are temporary. Similar problems are
also likely to arise in multimodal tasks.

Although foundation models continue to shatter benchmarks, a cursory
interaction with the current top models is sufficient to realize that their intel-
ligence is a mirage. Perhaps, the “you know it when you see it” criterion for
intelligence of the original Turing test has merit after all.

Psychometric Al

Psychometric Al advocates assessing artificial agents using the tools for mea-
suring human intelligence. Bringsjord and Schimanski (2003), who introduced
the term, propose to consider an agent intelligent if it is “capable of at least
solid performance on all established, validated tests of intelligence and mental
ability, a class of tests that includes not just rather restrictive 1Q tests, but
also test of artistic and literary creativity, mechanical ability, and so on.” The
specific tests they mention are Wechsler Adult Intelligent Scale (WAIS) and
Torrance Tests of Creative Thinking (TTCT).

The idea of using standard psychometric tests to evaluate Al agents was
also brought up in the cognitive architectures community. For example, Newell
(1973b) advocated the use of adult IQ tests, naming WAIS and Stanford-
Binet as options. Cassimatis and Bignoli (2011) and Goertzel and Yu (2014)
suggested a more gradual approach, beginning with simpler tests designed for
assessing child development.

Some psychometric tests of cognitive architectures already exist. For ex-
ample, models based on ART (Carpenter et al., 1990), Companion (Forbus
et al., 2011), ACT-R (Peebles, 2019), and SPA (Eliasmith et al., 2016) have
been evaluated on Raven’s Progressive Matrices (RPM) that test non-verbal
intelligence. The Companion architecture has also been applied to a challeng-
ing subset of the problems from the Bennett Mechanical Comprehension Test
(Klenk et al., 2005).

Although psychometric Al relies on established tests and methodologies,
it is susceptible to the same weaknesses as the original Turing test. First, the
use of human IQ tests is regarded by many even more anthropomorphic than
the imitation game (Hernandez-Orallo, 2000; Legg and Hutter, 2007b; Dowe

Shttps://github.com/google/BIG-bench
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and Hernandez-Orallo, 2014; Besold et al., 2015). Second, solving a battery of
intelligence tests can be gamed as easily as convincing a human judge. In fact,
a Perl program consisting of only 960 lines encoding heuristics for common
types of questions received an average score of 99.6% across multiple IQ tests
(Sanghi and Dowe, 2003).

Universal psychometrics

For completeness, we also briefly mention universal psychometrics (Dowe and
Herndndez-Orallo, 2014), which aims to address the anthropomorphism of
the Turing test by providing a universal definition and measure of intelli-
gence. Advocates of this method follow Legg and Hutter’s (2007b) definition
of intelligence as “the ability to achieve goals in a wide range of environ-
ments.” The interaction between the agent and the environment is framed
as reinforcement learning, a measure of intelligence then can be defined as
aggregate performance across a set of Turing computable environments with
respect to Kolmogorov complexity of the agents, rewards, and environments
(Dobrev, 2005; Legg and Hutter, 2007b; Herndndez-Orallo and Dowe, 2010).
The claimed advantage of this metric relative to the Turing test is that it
is formally motivated, precisely defined, and can be applied universally, any-
time, and adapted to testing specific cognitive abilities by changing the set of
environments.

Besides the issues with this understanding of intelligence discussed ear-
lier in Section 1.2, it is also difficult to apply in practice. Selecting a truly
unbiased set of tasks and environments from a universal distribution is one
of the problems. However, the most significant challenge is developing an
interface for specific types of agents (e.g. rewards for animals and verbal
instructions for adults) without giving them the advantage over others (Dowe
and Hernéndez-Orallo, 2014). Unsurprisingly, the first (and only) attempt at
applying a version of the test to humans and a simple reinforcement learning
agent was largely inconclusive (Insa-Cabrera et al., 2012), whether due to the
questionable nature of the initial assumptions or due to the simplicity of the
task itself. In all, the experiment demonstrated that the practical limitations
of the test outweigh the benefits of theoretical rigor, suggesting that universal
psychometrics may be ill-suited for widespread use in its current form.

10.2.2 Cognitive and biological plausibility

The approaches we have discussed so far focus mainly on behavioral similarity
between machines and humans (or other types of intelligence). Just like in the
original Turing test, evaluation is purely functional, placing no restrictions on
the implementation. In other words, as long as a passing score is achieved, how
the task is completed does not matter, even if the solution is a giant look-up
table (Legg and Hutter, 2007D).

This is in stark contrast with the goal of cognitive architectures, which
includes achieving cognitive and biological plausibility of the internal mecha-
nisms as well. Perhaps, it is one of the reasons why so few cognitive architec-
tures have been evaluated on Turing-like tests. The only example we are aware
of is the CERA-CRANIUM bot for playing a video game that was judged as a
human player by 30% of observers during the 2K BotPrize in 2010 (Arrabales
et al., 2009a).
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Test-based evaluation

To address the behaviorism of the Turing test Harnad (1991) proposed a new
extension of the Total Turing Test mentioned earlier, which was named the
Total Total Turing Test and introduced constraints on the implementation.
Specifically, it required that the machine should not only be embodied but also
indistinguishable from humans down to the level of neurons and molecules.
This is not to be confused with the Truly Total Turing Test (Schweizer,
1998), which called for incorporating a full range of human behavioral data
for assessment. Regrettably, neither proposal mentioned concrete tasks or
evaluation methods.

It took two more decades for another approach to emerge. The Cognitive
Decathlon was proposed for the initial stage of the BICA program sponsored
by DARPA (Mueller et al., 2007). Although the program itself was terminated
prematurely, work on the Cognitive Decathlon continued. The authors started
by reviewing hundreds of psychological studies to select the tasks that had the
following properties: a) human performance on the task was well understood,
b) there was a computational model, c¢) the task was related to the core abilities
of a 2-year-old child, and d) the task was a component of a more complex
task or ability. Selected tasks were grouped into broad categories covering
vision, search, manual control, and learning, but not reading, writing, or nu-
merical skills. Assessment considered neurosimilitude (adherence of design and
computation to characteristics of biological systems), task-specific evaluation
(comparisons of model activity and output to results in the literature), and
direct human data comparisons (between model internal activity and fMRI
data from human subjects performing the same tasks). Even though a partial
implementation of the Decathlon exists (Mueller, 2010), we could not find any
cognitive architectures that were evaluated.

The only practical evaluation of multiple cognitive architectures on human
data to date was conducted as part of the Agent-Based Modeling and Behavior
Representation (AMBR) project led by the Air Force Research Laboratory
(AFRL) (Gluck and Pew, 2006). The challenge consisted of two tasks: a
simplified air traffic control task and a category learning task from the classic
study by Shepard et al. (1961). Four cognitive architectures were tested, among
them ACT-R, COGNET, DCOG, and EASE.” The models for each task were
built by the developers of the cognitive architectures and then evaluated on
the human data to test how well they predict various performance measures on
multiple tasks at multiple levels of aggregation and under different conditions.
It was, however, difficult to rank the models because each had limitations and
fit only parts of the data better than others.

Analytical evaluation

Due to lack of widely available test banks and agreed upon evaluation method-
ology, analytical evaluation remains one of the most common comparative
evaluation methods in the literature. Analytical evaluation starts with a set
of cognitive architectures and a set of broadly outlined cognitive abilities, e.g.

7ACT-R and COGNET are covered in this book, whereas DCOG and EASE did not satisfy
the criteria listed in Section 1.6. DCOG stands for Distributed Cognition Framework (Eggleston
et al., 2000) and EASE is an abbreviation of Elements of ACT-R, Soar, and EPIC (Chong, 2004).
EASE is a hybrid system extending another hybrid
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learning, autonomy, perception, etc. The next step is to describe components
of the cognitive architectures and past works that are relevant for each ability.
Sometimes, based on these descriptions, a categorical score is assigned that
indicates whether the ability is present and (optionally) to what extent.

o (Wray et al., 1992)%—an early comparative survey of 12 cognitive and agent
architectures. Considers the following properties and capabilities: organiza-
tion, memory and knowledge representation, learning, planning, problem-
solving, performance, perception, and interaction with the environment;

e (Pew and Mavor, 1998)—a descriptive analysis and comparison of 15 archi-
tectures based on their original purpose, submodels (perception, memory,
motor control), knowledge representation (declarative, procedural), higher-
level cognitive functions (learning, planning, decision-making, situation as-
sessment), multitasking (serial/parallel, resource representation, goal man-
agement, multiple human modeling), implementation, and output;

e (Anderson and Lebiere, 2003)—a comparison between ACT-R and con-
nectionist approaches against criteria of the proposed Newell test, which
include flexible behavior, real-time performance, adaptive behavior, large
knowledge base, dynamic behavior, knowledge integration, natural language,
consciousness, learning, development, and evolution;

e (Chong et al., 2007)—a functional comparison of 6 cognitive architectures
discussing implementations of perception, memory, goals, problem-solving,
planning, reasoning/inference, learning, and their relevance to neurobiology;

e (Vernon et al., 2007)—a comparison of 14 architectures on 7 characteris-
tics (paradigm, embodiment, perception, action, anticipation, adaptation,
motivation, autonomy);

e (Thoérisson and Helgasson, 2012)—a comparison of 9 architectures across 4
dimensions of autonomy, such as real-time performance, resource manage-
ment, learning, and meta-learning;

e (Samsonovich, 2010)—a comparative table of 26 cognitive architectures across
504+ dimensions indicating support for common components and features,
learning, applications, and limitations;”

e (Kotseruba and Tsotsos, 2020)—an overview of 80+ cognitive architectures
across 7 core cognitive abilities (sensation, perception, memory, learning,
reasoning, decision-making, and meta-reasoning);

e (Laird, 2022a)—a detailed comparison between ACT-R and Soar, focusing
on the architectural properties and memory (working, procedural, declara-
tive).

Analytical comparisons in the surveys above have the obvious advantage
of breadth, as they generally evaluate multiple cognitive abilities of a larger
number of diverse cognitive architectures. Currently, the smallest survey in
the list above covers more cognitive architectures than any of the existing
quantitative tests.

8The survey grew out of a class project at the University of Michigan. The original link is no
longer active, but is available at https://web.archive.org/web/20140212220057 /http://ai.eecs.
umich.edu/cogarch0/

9This is the only study where all descriptions of cognitive architectures were evaluated by their
respective authors who filled out a provided template.
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10.3 Summary

The approaches used for evaluating cognitive architectures can be divided
into task-based and ability-based. Task-based evaluation comprises quali-
tative and quantitative methods that assess performance of the systems or
their modules on known tasks with known outcomes. Ability-based evalua-
tion is represented by challenges, test batteries, and analytical assessments
designed to reveal broadly defined cognitive abilities.

Task-based evaluations are far more common than ability-based ones. Within
task-based evaluation, quantitative methods are more common than qualita-
tive ones (e.g. demos and conceptual comparisons). The majority of cognitive
architectures are evaluated individually, with no comparisons to baselines,
other cognitive architectures, or specialized models.

Goodness of fit to human data is one of the most common task-based
methods for quantitative evaluation of the psychologically inspired cognitive
architectures. Despite evidence that good fit is a necessary, but not sufficient
proof of model validity, not many cognitive architectures provide additional
evidence for model complexity, generalization, and falsifiability.

In 80% of cases, task-based evaluations focus on effectiveness, i.e. how
well the task is accomplished, rather than efficiency, i.e. time or space
complexity. Among studies that consider runtime performance, the majority
target optimization. Sometimes, the complexity of the approach is used to
complement efficiency evaluation, especially when efficiency is not favorable.
The Turing test and its variations in the linguistic and other domains is the
most known test of intelligence. However, it has been wrought with practical
and theoretical issues and has never been applied to cognitive architectures
in its original form.

Quantitative ability-based evaluation has not been applied to most cogni-
tive architectures. Partial implementation of the Cognitive Decathlon and
evaluation of a handful of architectures on the air traffic control task are
the only two attempts realized in practice. Besides these, analytical evalu-
ation remains the main method for comparing and assessing the abilities of
cognitive architectures.



Part 1V

WHAT IS NEXT?

In the next two chapters, we will summarize pending issues and point out
possible directions for the field moving forward. First, in Chapter 11, we
place research on cognitive architectures in the context of modern artificial
intelligence (AI), which is currently dominated by deep learning methods.
Then, in Chapter 12, we discuss issues that cognitive architectures faced
throughout the years and suggest possible ways of resolving them.






11 Cognitive Architectures in the Deep
Learning Era

It is hard not to notice that a family of machine learning techniques called
deep learning recently took over many areas of artificial intelligence (AI). This
trend began in the early 2010s, and since then, both academic and industry
research has poured substantial resources into collecting large datasets for
training models with an ever-increasing number of parameters.

The successes of deep learning in multiple domains led some to claim
that human-level abilities across many tasks have been achieved or surpassed.
Additionally, some argue that deep learning is the best model of the human
brain currently available and that artificial general intelligence (AGI) may be
imminent. This chapter will examine the validity of these claims, investigate
the effects of deep learning research on cognitive architectures, and speculate
about the future of cognitive architecture research in this new era.

Section 11.1 begins with the definition of the term deep learning and its
theoretical roots in connectionism.

Section 11.2 examines the interaction between cognitive science, neurosci-
ence, and deep learning and mutual influences they exert on one another.
Section 11.3 discusses examples of integration of neural networks and biolo-
gically inspired learning mechanisms explored in cognitive architectures.
Section 11.4 discusses whether deep learning can potentially result in a cog-
nitive architecture.

11.1 What is deep learning?

The term “deep learning” has become nearly synonymous with Al in academic
and popular literature across multiple domains. Although deep learning may
seem like a recent phenomenon, its roots run deep in the history of Al In
this section, we will outline the origins of deep learning, discuss the factors
that enabled its quick and widespread adoption, and establish its current place
within machine learning.

11.1.1 From connectionism to deep learning

Modern deep learning can be traced back to early connectionist models, start-
ing with the model of neuron proposed by McCulloch and Pitts (1943) and
Rosenblatt’s (1958) perceptron. As discussed earlier in Section 2.1, after the
rise of connectionist approaches to modeling cognition in the 1980s, neural
networks steadily gained popularity through the 1990s, and began showing
promising results in various benchmarks in the 2000s (Schmidhuber, 2013).
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Most historical accounts consider 2012 as the watershed moment of the
modern deep learning era. That year, the SuperVision team won the ILSVRC
image classification challenge based on the ImageNet dataset (Russakovsky et
al., 2015). The team used a convolutional neural network (CNN), later named
AlexNet after one of its authors (Krizhevsky et al., 2012). The success of
AlexNet was attributed to its deep multilayered architecture as well as novel
data augmentation and regularization techniques. By 2014, all the top entries
in the ILSVRC competition were deep convolutional networks (Russakovsky
et al., 2015).

The popularity of deep learning continued to rise over the next decade.
Hardware improvements, such as availability of fast GPUs and CPUs, to-
gether with increasing storage capacity, facilitated development of larger mod-
els trained on bigger datasets. Initial successes in computer vision and nat-
ural language processing tasks prompted the expansion of deep learning into
new domains. During this period, new model architectures and optimization
techniques were introduced to accommodate new types of data and improve
training and inference times for practical applications.

As with expert systems before, a significant factor contributing to the
renewed interest in neural networks is substantial investment of financial and
human resources by academia and, more importantly, large corporations. For
example, the two most popular frameworks for building deep learning models
are developed and maintained by tech giants—TensorFlow by Google (Abadi
et al., 2016) and PyTorch by Meta (Paszke et al., 2019). Availability of code,
extensive documentation, numerous tutorials, and free cloud computing ser-
vices has further lowered the entry requirements for individuals, which in turn
led to the creation of hundreds of thousands of projects. Besides pursuing
business interests, corporations have also increased their influence on academic
research in computer science, Al, and related disciplines. According to recent
reviews, industry now leads academic institutions in hiring PhDs, publishing
in top conferences, and producing state-of-the-art models (Kotseruba et al.,
2021; Ahmed et al., 2023).

11.1.2 Deep learning and machine learning

Deep learning is one of many statistical machine learning techniques that
enable computers to learn from data as opposed to manual preprogramming
through rules or other hand-crafted representations (Goodfellow et al., 2016;
Wiley, 2016; Chollet, 2018; Paluszek and Thomas, 2020). “Deep” in deep
learning is not a metaphor for the eponymous concept introduced by the
educational psychologist John Biggs (1988) but a literal reference to the num-
ber of layers in artificial neural networks (ANNs), also known as multilayer
perceptrons (MLPs). While technically any network with two or more layers
can be considered deep, typical modern deep networks contains tens or even
hundreds of layers. Networks with only a handful of layers are referred to as
shallow (Bengio, 2009, p. 6).

All deep learning models have four main components: architecture, training
objective, learning rules, and training data. The architecture defines types of
computational units and how they are organized. The training objective is a
function being optimized with respect to the given task and properties of the
training data. Learning rules prescribe how the weights of units are changed
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to reach the training objective. The scale and diversity of the training data
affect both the training process and its outcomes.

A precise demarcation of deep learning within machine learning is problem-
atic because deep learning has absorbed many methods and continues to evolve
at a fast pace. As a result, the term now refers to a much broader range of ar-
chitectures and learning techniques than the original set that included MLPs,
convolutional and recurrent networks, as well as backpropagation and gradient
descent. These have now been joined by deep reinforcement learning (Mnih
et al., 2015), generative models (Goodfellow et al., 2014), and Transformer-
based architectures (Vaswani et al., 2017). In addition, there are numerous
examples of classical statistical optimization techniques combined with deep
hierarchies and error backpropagation, such as deep boosting (Kuznetsov et
al., 2014), deep stacking networks built with support vector machines (Wang
et al., 2019), deep decision forests (Zhou and Feng, 2017), and symbolic deep
networks (Veksler et al., 2022).

In sum, current deep learning is best understood as a set of learning tech-
niques and representations that are loosely inspired by neural computations
but do not commit to a specific theory (Bengio, 2019a; Bengio, 2019b). As a
subfield of AI and machine learning, deep learning aims to produce artifacts
useful for practical applications and capable of operating at a level surpassing
human abilities at that task.

11.2 Cognitive science, neuroscience, and deep learning

The current mainstream deep-learning-based research in Al focuses primarily
on real-world applications and relies heavily on large-scale data and engineer-
ing. Statistical learning techniques are increasingly being used for extract-
ing knowledge from very large volumes of data to build foundation models
(Bommasani et al., 2021) and even automating design of the network archi-
tectures themselves, for example, via neural architecture search (Zoph and
Le, 2017). In comparison, cognitive science and neuroscience seek mechanistic
models that explain how neural computations result in observable behavior.
Historically, much of this research has been conducted on hand-crafted models
and shallow neural networks.

Despite these differences, there is a connection between cognitive science
and neuroscience on one side and deep learning on the other. In this section,
we will discuss how knowledge about the human mind and brain has already
helped reveal limitations of deep learning models. We will then explore the
assertion that they may act as models of the human brain.

11.2.1 Cognitive and biological plausibility of deep learning
models

Although computational units in ANNs are commonly referred to as “neu-
rons,” it is generally acknowledged that deep learning is based on a very sim-
plified view of neural computation. Below we will present the main arguments
against biological plausibility of neural networks and ongoing research toward
infusing more biological detail in neural networks for both practical gains
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and improvements in the cognitive and biological fidelity of the deep learning
models.

Models of neurons

Deep learning networks are composed of many identical computational units,
each of which calculates a weighted sum of its inputs and passes the result
through a non-linear function that outputs a continuous value (da Silva et
al., 2017). The precursor of this model was born out of a collaboration between
psychiatrist McCulloch and logician Pitts, who developed a logical engine that
associated logical propositions with neuron activity (Abraham, 2002).

The McCulloch-Pitts (MCP) model incorporated most of what was known
about the brain in the 1940s, namely that the nervous systems consisted of
neurons, that each neuron had a soma (central body) and axon (an elongated
portion of the neuron), that synapses connected the axon of one neuron to
the soma of another, and that each neuron had a threshold for activation,
which spread from the axon terminals to somata. Additional assumptions were
necessary for logical calculus, such as the on-off activity of the neurons and
the immutability of the network structure (McCulloch and Pitts, 1943).

The MCP model is simple and computationally efficient precisely because
it abstracts away much of the messy empirical reality; biological neurons are
analog and densely connected (Hopfield and Tank, 1986), they do not update
synchronously, do not all have the same fixed delay, and produce sequences of
pulses instead of a single value (Hertz et al., 2018). The continuous activation
function (e.g. sigmoid) found in modern neural networks was added later to
enable analog input and output, as well as learning through gradient descent,
but it is also problematic biologically (Maass, 1997). Furthermore, all deep
learning networks operate with at most a few different types of neurons that
are organized in simple layers, whereas their biological counterparts are much
more diverse. By now, over a hundred types of neuronal and non-neuronal
cells have been identified in the mammalian brain based on their anatomical
properties, location in the nervous system, neurotransmitters they release, and
connectivity (Zeng, 2022).

More biologically accurate models incorporate neural dynamics, i.e. they
describe the output of a neuron as a series of action potentials (spikes) rather
than a real value that changes in discrete time steps. There is a range of spiking
neuron models that include varying levels of biological detail (Izhikevich,
2004). The leaky integrate-and-fire (LIF) model introduced over a century
ago by Lapicque (1907) is one of the simplest. Similarly to the MCP, it takes
the sum of weighted inputs, but the input is integrated over time, simulating
a resistor-capacitor circuit. The spike is produced whenever the integrated
value exceeds a predefined threshold. Biophysical models, such as the classic
Hodgkin-Huxley (1952) neuron model, describe action potential in great detail
at the molecular, cellular, and circuit levels. However, the disadvantage of most
spiking neurons models is that they are not analytically tractable and therefore
cannot be easily applied on a sufficiently large scale (Abbott and Kepler, 2005).

Learning

Information in the biological brain is captured in the strengths of the con-
nections (synapses) between the neurons (Crick, 1989). The main mechanism
for forming new memories, adaptation, and skill acquisition is adjusting the
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synaptic strengths between neurons, also referred to as synaptic plasticity
(Kennedy, 2016).

In computational neural networks, an equivalent of synaptic strengths are
parameters or weights between computational units. While the existence and
nature of information stored in the human brain at birth are still being debated
(Bateson and Mameli, 2007), neural networks are always created “blank”—
with weights set to small random values. During learning, the information in
the network is updated via gradual weight adjustment. In deep learning ar-
chitectures, this typically involves backpropagation (backprop) and stochastic
gradient descent (SGD). Backpropagation is a technique for computing the
gradient of the given cost function with respect to the network parameters,
while SGD is an iterative method for updating the weights layer by layer in a
backward pass. In the literature, the term “backpropagation” often refers to
both of these processes.

A natural question to ask is whether anything similar occurs during learning
in the brain. The answer given by Rumelhart et al. (1986a) who popularized
backpropagation is that “in its current form, [it] is not a plausible model of
learning in brains.” The same observation was made by Grossberg (1987) and
Crick (1989) and, nearly forty years later, by Whittington and Bogacz (2019)
and Hinton (2022). Persistent problems with backpropagation as a model of
learning in the brain can be summarized as follows:

Symmetry of forward and backward weights. Backpropagation relies on
the same weights for the feedforward inference pass and for the backward error-
propagation path. For this to happen in the brain, there should be identical
and synchronized bidirectional connections between neurons. However, there
is no evidence of such connectivity in the brain or one-to- one correspondences
between synapses. While bidirectional connectivity is certainly present in the
brain, it does not exist for every neuron and is not necessarily symmetrical.

Weight updating strategy. In the typical feedforward networks, informa-
tion is computed in a forward pass, whereas backpropagation proceeds in
the opposite direction. Thus, each weight is determined based on the global
activity of all neurons before it. In the brain, however, the connection strengths
are updated locally and there is no evidence of the specific error signal that
drives this process.

External control of learning. In contrast to biological systems, artificial
learning through backpropagation is not autonomous. An external control
signal is needed to switch between learning and inference phases and to decide
when to stop learning.

Biological implausibility and practical success of backpropagation may seem
contradictory and attempts have been made to resolve this conflict, for ex-
ample, looking for backprop-like signals in the brain (Lillicrap et al., 2020) or
applying backpropagation to more biologically accurate spiking neuron models
(Pfeiffer and Pfeil, 2018). Even more efforts were dedicated to addressing the
issues with the method itself. Among recent proposals are backpropagation
through random connections (Lillicrap et al., 2016) to remove the need for sym-
metric weights, equilibrium propagation (Scellier and Bengio, 2017), and the
forward-forward algorithm (Hinton, 2022) that do not rely on separate circuits
for error propagation, and continuous updates (Bengio et al., 2017) to ease
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the requirement of external supervision. However, none of these approaches
fully address all problems with backpropagation or match its performance on
common benchmarks (Bartunov et al., 2018).

Generalization

Generalization is arguably the most important property of learning. Simply
put, it is a measure of how well a biological or artificial entity can deal with
inputs that have not been experienced before. Generalization is assessed in two
stages. In the first stage, the entity is trained to respond to a sample of stimuli
drawn from some data-generating process. Once proficiency is reached on the
training data, the second stage begins, where the entity is presented with a
set of different stimuli drawn from the same process. Successful generalization
occurs when responses to both sets of data are the same.

In the animal kingdom, generalization is ubiquitous and appears in many
contexts, suggesting that it is a fundamental characteristic of living organisms
(Ghirlanda and Enquist, 2003). While there is no single theory of gener-
alization yet, there are several narrow models that predict generalizability
to specific stimuli or in specific tasks (Taylor et al., 2021). In all of them,
similarity is recognized as one of the key factors, which includes both phys-
ical resemblance and similar representation in the brain. The latter enables
generalization between distinct categories of stimuli.

The practical success of deep neural networks is often taken as a sign of
their generalizability, but there is no theory that explains exactly how it occurs.
One of the main questions is how overparametrized models that are capable
of memorizing the entire training set can generalize at all (Zhang et al., 2021;
Chatterjee and Zielinski, 2022). Since generalization depends on many factors,
such as the size of the training data, size of the input domain, number of
weights and layers in the network, and properties of the weights, stability
of learning to perturbations in training data, and robustness of performance,
there are no analytical bounds that are applicable to an arbitrary deep network
(Jakubovitz et al., 2019).

An assumption is often made that random variables in the training and
test data are independent and sampled from the same probability distribution
(referred to as the assumption of independent and identical distribution or
simply IID). The IID assumption is necessary for the tractability of statistical
analysis methods, however it is violated in practically all real domains (Cao,
2022). For most, the distribution of samples is unknown and even for small
known domains it is prohibitively expensive to sample from in any principled
fashion. For instance, sampling from a set of 520 basic LEGO bricks already
presents challenges. To cover all possible orientations, poses, and colors of
this set would require taking more than fifteen million images, that is before
considering varying the backgrounds (Tsotsos and Luo, 2021).

Parallel to theoretical investigations, a lot of experimental work is being
done to empirically probe machine generalization. A common theme is ap-
plying various distortions or perturbations to the input, to which most deep
learning networks are not immune. For example, the performance of image
classification models drops precipitously when even modest amounts of noise
are added to the input (Geirhos et al., 2018), or when pictures of objects are
taken from non-standard viewpoints (Barbu et al., 2019). In a video game
setting, adding rectangles or lines to the background causes a complete failure
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of neural networks that previously achieved higher scores than human players
(Gamrian and Goldberg, 2019). In the natural language domain, deep models
fail to generalize to pairs of words not observed together during training
(Hupkes et al., 2020) and often cannot incorporate newly learned words in
sentences (Lake and Baroni, 2018).

In comparison, humans and other organisms are much less affected by both
trivial and more substantial changes to their inputs. Even species with very
modest processing capabilities can generalize well beyond physical similarity of
stimuli (Ghirlanda and Enquist, 2003). The leading hypothesis is that a small
set of innate abilities rather than accumulation of samples through experience
enables such generalization (Zador, 2019). This explains why many animal
species can function well shortly after being born. Lake et al. (2017) list
promising candidates, such as intuitive models of numerosity, space, physics,
and psychology, each with a minimal set of entities, their properties, and
relations connecting them. These models, combined with early abilities for
causal explanations, compositionality, and learning to learn, drive learning
and generalization in unstructured environments.

Symbolic Al in general, and many cognitive architectures in particular,
already embody some of these principles. As a result, a combination of sym-
bolic and deep learning approaches, dubbed neurosymbolic Al, is seen as the
next research frontier (Marcus, 2018; Greff et al., 2020; Sarker et al., 2021).
This new trend is in many ways reminiscent of the hybrid cognitive architec-
tures, which also take advantage of the benefits of symbolic and subsymbolic
representations and learning methods by combining them in one system.

Meanwhile, mainstream deep learning continues to pursue a “scaling is all
you need” approach, inspired by numerous empirical demonstrations that solve
many generalization issues by simply expanding the volume and diversity of
training data and increasing the size of models (Geirhos et al., 2021; Beal et
al., 2022; Mayo et al., 2022). Even though larger models trained on more
data perform better on benchmarks, it remains unclear how much of the
improvement is due to memorization or interpolation within the enormous
training corpora, as opposed to true generalization. The next section examines
this question in more detail.

Scale

Recent scaling trends focus on increasing both the amounts of training data
and the number of parameters in models, as their effects are generally more
predictable than those of different architectures (Hestness et al., 2017; Zhao
et al., 2021).

The amount of data that modern deep networks require for training already
exceeds what an average human can perceive in their lifetime. For example,
according to a back-of-the-envelope calculation by Tsotsos and Luo (2021),
a person who lives to 90 will see 7,568,640,000 images (assuming 16 waking
hours and 4 saccades per second). Although this set of images is large, it is
highly redundant; most people spend over 80% of their waking time working
or at home. Of the remaining 1,513,728,000 images, only 1,645,120 will come
from a different geographic location (assuming two-week annual vacations).
Other sources, such as books, TV, social media, and video games, contribute
to the diversity of visual experiences, but do not change the fact that much
of what we see in our lifetime is the same. For reference, the largest public
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image dataset LAION contains links to 5 billion images gathered from the
Internet (Schuhmann et al., 2022). While the exact composition of the dataset
is unknown, it presumably contains a variety of images from all over the world.
However, it is safe to say that it is not representative of the visual experience of
an average person. For example, it would take 60 years just to glance through
these images given the assumptions above.

For text data, the difference is even more striking. Assuming 4.5 hours of
reading per day (White et al., 2010), a reading speed of 300 words per minute
(Brysbaert, 2019), and a lifespan of 90 years, a person will read 2,513,025,000
words if they learn to read at age 5. For comparison, one of the largest text
datasets, The Pile (Gao et al., 2020), contains over 300 billion tokens or 225
billion words—two orders of magnitude more than any human can hope to
read.

In comparison, humans learn more efficiently. Most can learn from just a
few examples (Berko, 1958) and sometimes even without seeing any examples
at all (Malaviya et al., 2022). This suggests that an entirely different learning
strategy is employed. While learning from several examples (referred to as
few-, one-, and zero-shot learning) can be replicated in deep learning models,
pretraining on a large dataset (via backpropagation) is still needed to build
an initial knowledge base. Only then can the model learn from new unseen
samples representing other related tasks or domains (Wang et al., 2020).

Model scale is seen as another crucial component to boosting performance
and generalization (Rosenfeld, 2021). Scaling of training is effective if models
have sufficient capacity (Sun et al., 2017). Scaling trends are well illustrated
by the foundation models that include text-to-image generators and large lan-
guage models (LLMs). These models have relatively simple Transformer-based
architectures and are trained on simple tasks, such as joint autoregressive
prediction of text and images and next token prediction, respectively. Yet,
they can perform a large variety of language and vision tasks that they were
not specifically trained to perform (Bommasani et al., 2021).

These phenomena led to hypotheses that models over a certain size exhibit
a qualitative jump in their capabilities. According to Wei et al’s (2022) esti-
mates, LLMs with over 68 billion parameters, start displaying other abilities
not explicitly related to the training objective of the next token prediction,
such as following instructions, chain-of-thought reasoning, addition, and sub-
traction.

The existence of such emergent abilities has been contested by Schaeffer et
al. (2024), who showed that simply changing the metrics used for evaluation
turns the sudden spike in the performance into a smoothly growing function,
more consistent with power law scaling laws discussed earlier. Additionally,
some performance improvements can be attributed to data leakage or the
presence of test data in the training set (Aiyappa et al., 2023).

The implications of these findings are profound. If indeed there are no emer-
gent abilities and no qualitative jumps in performance due to scale, then what
we observe is not generalization but rather models improving at interpolating
between training samples that represent larger portions of the task domain
(Marcus, 2022). However, scaling of training data, models, and computational
resources follows a power law (Rosenfeld, 2021). As a result, a tenfold im-
provement of test error would require several orders of magnitude more data
and compute (Thompson, 2021). This trend cannot continue indefinitely for
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several reasons:

Brute-force learning is ineffective. The space for all visual and textual
data is very large and has a long-tail distribution (Udandarao et al., 2024),
thus sampling rare samples is infeasible.

The influx of new data is limited. At this rate (and assuming no other
changes), new training data will run out in the next ten to twenty years with
no guarantee that the foundation models will reach the desired performance
level (Villalobos et al., 2024).

The amount of synthetic training data is increasing. A large portion
of training data for foundation models is scraped from the Internet. How-
ever, model-generated content is being continuously added to the mix. Re-
cent findings show that generative models trained on their own output learn
a degenerate representation of data, which can significantly degrade their
performance. This phenomenon has already received several names: model
collapse (Shumailov et al., 2023), model autophagy disorder (Alemohammad
et al., 2024), and Habsburg Al (as a reference to multigenerational inbreeding
in the Spanish dynasty that eventually caused its downfall) (Sadowski, 2023).

Cost

The brute-force approach to learning by scaling data, models, and compu-
tational resources comes at a cost. Training the models with tens of billions
of parameters is estimated to cost millions of dollars for a single run (Sharir
et al., 2020) requiring multiple GPU years (Hellendoorn and Sawant, 2021).
This excludes “hidden costs” that are often not reported, such as fine-tuning
the network architecture and selecting hyperparameters, which may require
hundreds of additional runs, albeit usually on a smaller scale (Hellendoorn
et al., 2019). The consequences of using more computing power and data to
train larger models are not only significant energy consumption (Strubell et
al.; 2019) and environmental harm (Bender et al., 2021), but also pricing
academia out of research (Hellendoorn and Sawant, 2021).

Estimates of brain energy consumption and number of operations per-
formed per second vary by orders of magnitude (Sandberg and Bostrom, 2008,
Appendix A), but all indicate that humans are much more energy-efficient
than current deep learning models. Conservatively, the human brain uses 10—
20 W of power (Merkle, 1989), has 8.6 - 10'° neurons (Azevedo et al., 2009),
and performs 10'3-10'¢ operations per second! (Merkle, 1989; Furber and
Temple, 2007; Grace and Christiano, 2015).

Moravec (1998) made a prediction that by 2020, computer hardware would
match the human brain. By some metrics, this has come true. In 2024, top-
of-the-line NVIDIA A100 GPU marketed as an AI supercomputer chip, used
400 W at peak, had 54 - 10° transistors, and was capable of computing over
10" FLOPS.? By this metric, it may appear that technology is approaching
the human brain in some aspects. However, this effectively captures only the

IBecause the brain is not equivalent to a computer, its computational rate is measured as the
number of synapses traversed between the neurons per second instead of floating operations (FLOPS)
or millions of instructions (MIPS) commonly used in hardware benchmarks.

2https://wuw.nvidia.com/en-us/data-center/al00/
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volume of the computation, but not its nature, thus parity between the GPUs
and the human brain is not definitive.

11.2.2 Deep neural networks as models of the brain

The goal of neuroscience is to explain the emergence of observed behavior
from neural activity in humans and animals performing a broad range of tasks
in their usual environments. The recent success of deep neural networks on
machine learning benchmarks has led to an ongoing debate about their utility
as models of the human brain. There is already a sizable literature on this
subject, and below we will summarize the key points brought up by both
proponents and critics of using deep learning in neuroscience.

Anticipated opportunities

Numerous suggestions to integrate deep learning into neuroscience have been
made in recent years (Dupoux, 2018; Kietzmann et al., 2018; Cichy and Kaiser,
2019; Richards et al., 2019; Storrs and Kriegeskorte, 2020; Saxe et al., 2021;
Doerig et al., 2023). Most single out two properties of neural networks to
present them as desirable candidates for models of the brain: multiple levels
of abstraction (tying outputs to single-unit and multi-unit dynamics) and
performance on real-world tasks. Given these characteristics, they propose
the following paths for further investigation.

Testing hypotheses. One of the intended uses of neural networks is for
testing and refining existing hypotheses (Cichy and Kaiser, 2019; Saxe et
al., 2021; Doerig et al., 2023). This work is still in its infancy, but a number of
potential directions to explore are proposed, such as using the neural networks
to tackle long-standing questions regarding the role of innate vs. acquired
knowledge, importance of supervised vs. unsupervised learning mechanisms,
temporal dynamics of learning, the process of forming abstract concepts from
perceptual information, and more. To do so, one would compare performance
and internal representations of deep networks to human behavioral and neural
data on a large variety of perceptual, linguistic, and motor tasks.

Generating explanations. Because testing hypotheses can tell us only what
aspects of models correlate with human data, it is suggested that more insight
into processes that led to the observed outputs can be obtained via ablation
studies and analyses of internal representations. For example, a complex model
can be gradually reduced to a simpler and more interpretable form, as Tanaka
et al. (2019) did with deep models of the retina. In addition, a variety of
methods have been developed for examining computational units in the net-
work, such as visualizing activity (Zeiler and Fergus, 2014; Olah et al., 2017),
evaluating their statistical properties (Shu and Zhu, 2019), and establishing
their semantics (Zhou et al., 2018). Some see potential in applying similar
methods to analyzing biological data (Freeman, 2015).

Generating new hypotheses. It is speculated that analysis of deep learn-
ing performance on tasks may give rise to new testable predictions about the
human brain. One study claims that responses of AlexNet trained on object
recognition helped identify a space of object representations in the primate
inferotemporal (IT) cortex (Marblestone et al., 2016; Bao et al., 2020).
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Decoding neural signals. Another prospective application is prosthetic limb
control and brain-computer interfaces that rely on neural control signals ob-

tained through non-invasive means, such as electromyograms (EMG) for skele-

tal muscle activation or electroencephalograms (EEGs) for brain activity. Trans-
lating these signals into motor commands for physical or virtual devices is a

non-trivial task. With the wider availability of large EMG and EEG datasets,

deep learning models have began to outperform classical machine learning

techniques and are being considered as a potential replacement (Rashid et

al., 2020; Jiang et al., 2023).

Existing challenges

As a relatively new undertaking, deep learning methods have yet to deliver
fully on their promised potential for advancing neuroscience. Given the nature
of deep networks, there are concerns regarding their ability to do so (Forbus
et al., 2017; Marcus, 2018; Bowers et al., 2023). The most obvious issue is the
lack of biological plausibility, which was discussed earlier in this section. A
natural question arises: given that deep learning models are highly abstracted
representations of the brain, why should one expect them to reveal anything
meaningful about human biology? Even considering that some properties of
the biological neurons are captured in deep neural networks, as of now their
explanatory and predictive power remains limited.

Evaluation fairness. The conditions in which human performance is mea-
sured are not always adequately represented when evaluating models. Canaan
et al. (2019) identified the following dimensions that affect fairness of human-
machine comparisons: input space (e.g. access to information not available
to humans, lack of foveation in most vision algorithms), output space (e.g.
machines do not physically press buttons and may have advantage in re-
action speed), experience (e.g. an algorithm may be trained on more data
than humans), knowledge (e.g. an algorithm may receive expertly compiled
knowledge about all aspects of the problem that a human subject may not
have access to), compute (e.g. machines require more resources than humans),
and psychological (e.g. unlike machines, humans are affected by their physical
and emotional state).

Although these dimensions were identified primarily for the game-playing
setting, it is easy to see that many apply to other domains. However, regardless
of the application, the information on how comparisons were conducted is
often incomplete, providing an inaccurate context in which the results are
interpreted (Martinez-Plumed et al., 2018).

Explainability issues. One of the goals of cognitive science is to explain how
the human brain operates. At the very least, an adequate computational model
should match human outputs for the same stimuli. However, there is already
sufficient evidence that many deep learning models for visual tasks behave
differently from humans: they do not generalize to even modest amounts of
noise (Geirhos et al., 2018), are susceptible to adversarial examples that do not
affect humans (Szegedy et al., 2014), and respond differently to psychophysical
stimuli (Bowers et al., 2023).

Models that are concerned not only with the input-output transformation,
but also with how it is accomplished in the brain are more desirable. The
utility of deep learning as a tool for this type of explanation hinges on the
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assumption that models that reach human performance use similar neural
mechanisms. However, recent empirical work casts doubt on the feasibility of
this line of research by showing that high task performance does not necessarily
lead to development of brain-like representations.

Recently, Schrimpf et al. (2018) tested Yamins et al’s (2014) earlier claim
that high image classification accuracy correlates with the ability to predict
neural response data. According to the new analysis, not all models that
achieve > 70% top-1 accuracy on ImageNet are the best predictors of neural or
behavioral data and vice versa. Moreover, architectures inspired by the ventral
pathway (e.g. AlexNet®, VGG; Simonyan and Zisserman, 2014) score better
than architectures that are not (e.g. PNASNet; Liu et al., 2018). Schaeffer et
al’s (2022) study presents similar results for the path integration task; again,
many models could be trained to perform the task but a mere fraction of
them developed brain-like grid cells and only when specific feature encoding
was chosen for the readout layer. It appears that the internal structures are not
necessarily fundamental to the task, rather they depend on the architecture
and input representation. Tuckute et al. (2022) reached a similar conclusion
by examining deep learning models trained on a range of auditory tasks and
tested on neural responses in auditory cortex. Analysis revealed that choice of
the task critically affected how well models predicted brain activity.

These examples demonstrate that it may be possible to model known
phenomena within the neural networks but their ability to explain observed
behaviors and make new predictions is still limited. If neural structures do not
emerge automatically from learning to perform the task, then other factors,
such as architecture, training data, training regimen, and input representation
must be considered. Because the space of possibilities is very large, this path
toward finding mechanistic explanations may not be a viable option.

Interpretability issues. The opaqueness of deep neural networks presents
another challenge. It may seem contradictory because the computational units
of neural networks are much simpler and far less diverse than biological neu-
rons. Rather, it is the scale of the models, some of which comprise billions
of units, that makes them incomprehensible. Now, instead of one unknown
system (brain), there are two (brain and neural network).

The spread of deep models in critical domains, such as autonomous driving
and medical diagnosis, intensified efforts to “open the black box” and explain
its performance in a human-understandable way. A recent comprehensive sur-
vey by Schwalbe and Finzel (2023) lists dozens of such methods, most of which
lack reliability and offer at best partial explanations. Among them, various
methods that attribute features of the input to the output of the network are
some of the most popular, however, they do not provide causal understanding
of unit activations (Kindermans et al., 2019; Leavitt and Morcos, 2020; Zim-
mermann et al., 2021). It is also possible to examine a neural network by
extracting the if-then rules describing its behavior. While it worked well for
smaller networks (Andrews et al., 1995), finding rules in much larger deep
learning networks is computationally expensive, sensitive to initialization, and
can produce very large sets of rules (Gilpin et al., 2018; Ras et al., 2018).

3 AlexNet architecture, along with other approaches, e.g. LeCun and Cortes (1998) and Ciresan
et al. (2011), can be traced to the hierarchical structure of Fukushima’s (1980) Neocognitron that
modeled “simple” and “complex” cells found in a cat’s
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Explanations on a deeper level, akin to having a discussion with a colleague
and reaching a conclusion together, are still out of reach.

11.3 Deep learning in cognitive architectures

Historically, connectionist or subsymbolic representations were part of many
cognitive architectures (see Chapter 3). However, deep learning, being recent
relative to the timelines of most cognitive architectures, has not had as much
impact yet. The integration of neural networks into cognitive architectures has
followed two paths: 1) modular integration—using networks as black boxes
for solving practical issues and 2) neurosymbolic integration—development
of cognitively and biologically plausible neural representations and learning
approaches. Both will be discussed in more detail below.

11.3.1 Modular integration

The simplest way of integrating a neural network into an existing cognitive
architecture is in a form of an encapsulated module. Before pretrained models
for a variety of tasks have become widely available, neural networks were
custom designed and trained on the data collected for the specific application.
Whether custom-made or off-the-shelf, the ANN is usually frozen after training
and turned into a module that receives input and produces output at runtime.
The main purpose for integrating such neural networks is solving practical
problems that are less amenable to symbolic methods, such as perception and
motor control.

Perception. Visual processing due to its complexity and non-linearity re-
mained particularly resistant to heuristic methods and symbolic manipulation.
As a result, many cognitive architectures that operated in realistic environ-
ments resorted to using ANNs for processing sensor data. In the 1990s, simple
MLPs were being used for various tasks. For example, a person-following robot
based on the 37T architecture performed face cognition via a simple three-layer
network (Wong et al., 1995). An assistive robot ISAC likewise relied on a small
neural network to recognize objects and people in the environment (Kawamura
et al., 1995). Recent cognitive architectures use CNNs for similar purposes. For
example, the visual hierarchy of the STAR-RT model for playing video games
was implemented as a custom four-layer CNN. The network was trained to
detect and recognize multiple classes of game objects, such as characters and
obstacles (Kotseruba, 2016).

Pretrained models are even easier to integrate, as they require little to no
fine-tuning to perform basic vision tasks. One example is the STAR-FC model
of fixation control that relied on a pretrained CNN-based saliency detector
to identify candidate areas to fixate (Wloka et al., 2018). A LIDA model of
spatial memory used several pretrained CNNs for road detection, semantic
segmentation, and object recognition to identify landmarks in a simulated
traffic environment (Madl et al., 2016). Similarly, an assistive robot controlled
by the CORTEX architecture located common office items via an off-the-shelf
CNN-based object detector (Mendoza et al., 2018).

Motor control. Many cognitive architectures have been embodied on com-
plex robotic platforms with many degrees of freedom. In such cases, analytical
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control solutions may be too complex or brittle, and learning methods are
more advantageous. For example, a neural network for controlling articulated
robotic arms and a multilegged robots is advantageous because many degrees
of freedom and coordination of several actuators made it difficult to construct
a sufficiently adaptive and quick closed-form solution (Bekey, 1996). Similar
considerations guided the design of motor control for the robotic arm and
visual system of ISAC, a humanoid robot based on the IMA architecture.
Here, a neural network was used to map the joint angles of the robotic arms
to input voltages of the valves for the pneumatic actuators. The use of the
neural network helped overcome issues with hysteresis and non-linearity of
motion (Ulutas et al., 2008). Additionally, ISAC’s gaze was controlled by a
neural network, which handled the non-linear motion and coordination of two
cameras without the need for accurate camera calibration (Peng et al., 2003).

Memory and decision-making. Although perceptual and motor tasks are
a more natural application of neural networks, there have been attempts to
use them for memory and decision-making. For example, working memory
in the IMA is implemented as a neural network trained to retain chunks of
information by estimating their future reward. The temporal difference (TD)
error is calculated from the previous time step and compared to the estimated
value to update the weights of the network (Kawamura et al., 2008). In IDA,
a simple feed-forward neural network augments symbol manipulation during
decision-making. A learning approach is chosen to ensure that the output
conforms to a set of predefined soft constraints (Kelemen et al., 2003).

Modular integration of neural networks remained a niche solution. Among
the projects we reviewed, few were committed to purely symbolic methods
while others were explicitly agnostic to underlying representations (e.g. AR-
CADIA, FORR, and Polyscheme). This suggests that, in principle, many
more cognitive architectures could have incorporated ANNs. Thus, a more
likely reason is that fewer sensors and low complexity of most perceptual
and motor problems could be solved with heuristics—until now. As cognitive
architectures are interfaced with more and better sensors and tested in more
realistic scenarios, there may be a need for more sophisticated techniques,
including neural networks. Large language models (LLMs), in particular, are
seen as a potentially useful tools (Joshi and Ustun, 2023; Knowles et al., 2023,;
Williams et al., 2024).

Despite this potential, there are disadvantages to using neural networks
that limit their utility for cognitive architectures. These include biological
implausibility, lack of transparency, and issues with generalization discussed
earlier. In addition, a frozen neural network encapsulated in a module cannot
adapt effectively. If any changes are introduced to the cognitive architecture,
task, or the environment, the network often needs to be retrained. Lastly, large
amounts of data needed for training a model may be difficult to obtain and
annotate.

11.3.2 Representational integration

A deeper integration of connectionist representations places them at the core
of the architecture rather than isolating them in separate modules. Usually,
choice of neuron models, connectivity between them, and learning algorithms
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are guided by the requirements of cognitive and biological plausibility. In
addition, connectionist representations may be combined with symbolic ones
to capture the strengths of both approaches. The resulting models of brain
mechanisms are more biologically plausible, interpretable, and not as compu-
tationally expensive as mainstream neural networks.

Representations. Only several architectures use biologically plausible neu-
rons: leaky integrate-and-fire (LIF) in the instance of SPA (Stewart and Elia-
smith, 2012), adaptive exponential (AdEx) model of pyramidal neurons in
Leabra (O’Reilly et al., 2016), Izhikevich model in a humanoid BBD (Chen et
al., 2013), and Hodgkin-Huxley neuron in one of the ART instances (Grossberg
and Versace, 2008).

MLP-like neurons appear in visual hierarchies of STAR and SASE, but
modifications are made to make them more biologically plausible. For example,
in STAR models of shape encoding and border ownership, layers, areas, and
connections among them are initialized to match data from neural recordings
(Mehrani and Tsotsos, 2021; Mehrani and Tsotsos, 2023). In SASE, computa-
tional units are organized in a 2D array and connected only to a restricted set
of units in the preceding layer, emulating a limited receptive field that grows
larger in the top layers (Zhang et al., 2002).

Others are composed of more explicit representations to denote concepts,
properties, and events. Semantic pointers in SPA are vector representations of
populations of spiking neurons. Operators, such as binding and concatenation,
enable concept manipulation (Stewart and Eliasmith, 2012). The nodes in
DeSTIN and BECCA represent clusters of input features (Goertzel et al.,
2014; Rohrer, 2013). In SHRUTT and LISA, basic units are semantic tokens
that represent neuron populations (Shastri, 1999; Hummel and Holyoak, 2003).
DUAL uses symbolic frames instead (Kokinov, 2013). In all these systems,
subsymbolic elements are represented by the unit activations, connections
between units, and strengths of connections. Clarion combines several of these
strategies: actions are represented by symbolic rules and MLPs, whereas con-
cepts are encoded via symbolic and Hopfield-type connectionist networks (Sun
and Helie, 2013).

Hierarchical structure. Most connectionist and hybrid representations are
organized in multilayered graph structures that mimic the structure of the
human cortex. At the lower level, representations are derived directly from
perceptual inputs and subsequent layers contain increasingly abstract and
compressed versions of the original input.

Semantic pointers in SPA retain semantic information about what they
were derived from, hence the name (Blouw et al., 2016). DeSTIN and BECCA
incrementally build feature representations from various types of perceptual in-
puts. The nodes in DeSTIN predict the probability of the centroid given in the
observation and past history of the observations. The nodes feed inputs to their
parents and receive advice from them to condition probability calculations on
the context (Goertzel et al., 2014). In BECCA, the nodes compute centroids
through repeated application of clustering to inputs and features, resulting in
a hierarchical feature structure with an arbitrary number of levels and clusters
within each level (Rohrer, 2013). In a symbolic hierarchy of LISA, semantic
units at the bottom correspond to tokens (‘male’, ‘female’, ‘has-emotion’),
which are gradually combined into objects (‘Bill’, ‘Mary’, ‘lover’, ‘beloved’),
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predicates (‘Bill+lover’ and ‘Mary+beloved’), and relations (‘Bill loves Mary’)
via connections with weights. When the system is given input, the weights of
the connections in the network are updated, formed, or destroyed, giving rise
to new relations between concepts (Hummel and Holyoak, 1997).

Learning methods. Backpropagation is widely regarded as the most effec-
tive learning method, but its use in cognitive architectures is limited due to
biological implausibility, as discussed earlier in Section 11.2. Among the few
exceptions are SHRUTI and Leabra. SHRUTI incorporates supervised learning
with backpropagation (Shastri, 1999), although it can also accommodate other
types of learning. Leabra uses a more biologically feasible form of backprop-
agation derived from Hinton and McClelland’s (1987) recirculation algorithm
(O’Reilly, 1996).

ART takes a different path toward biologically plausible learning with
an Adaptive Resonance approach. It resolves a number of issues with back-
propagation, notably dependency on supervision, mostly off-line learning, and
catastrophic forgetting. Most ART networks combine a feedforward bottom-
up pass with two types of feedback interactions: contrast normalization and
top-down expectations that focus attention on critical feature patterns and
suppress irrelevant features and noise (Grossberg, 2020).

Another common biologically feasible alternative to backpropagation is
Hebbian associative learning found in the architectures that use associative
networks, e.g. SHRUTI (Wendelken and Shastri, 2003), MBCA (Schneider,
2019), Clarion (Sun and Helie, 2013), HCA (Lesser et al., 2008), BECCA
(Rohrer, 2013).

Reinforcement learning is yet another possibility explored in many architec-
tures, often in conjunction with other learning methods. For example, BECCA,
DeSTIN, and SASE combine unsupervised clustering for feature learning and
reinforcement learning for action selection. While DeSTIN uses a standard
actor-critic reinforcement learning method (Goertzel et al., 2014), the other
two introduce modifications. BECCA introduces a variant of TD learning
called S-learning, which is superficially similar to Q-learning (Rohrer, 2007a).
SASE combines elements of unsupervised, supervised, and reinforcement learn-
ing. Instead of backpropagation, SASE uses a modified principal component
analysis (PCA) to incrementally learn filters for visual processing (Zhang et
al., 2005). For procedural knowledge, SASE extends a typical Q-learning RL
framework by allowing a human instructor to impose internal state or state of
the effectors of the agent through natural language commands (Weng, 2007).
Clarion combines symbolic rule extraction with Q-learning to learn and refine
its procedural knowledge (Sun et al., 2007).

11.4 Can deep learning result in a cognitive architecture?

Today many see deep learning as the most promising path toward human-level
intelligence and beyond. These hopes are supported by the “superhuman” per-
formance of deep learning algorithms on some tasks, such as object detection
(He et al., 2015), playing various games, such as chess (Silver et al., 2016),
classic Atari computer games (Mnih et al., 2015), and poker (Brown and
Sandholm, 2019), car racing (Wurman et al., 2022), and more.
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Although some of these performance claims have since been disproved* or
at least weakened,® deep learning is still perceived by the research community
as the most successful approximation of human intelligence (see comments to
Bowers et al’s (2023) review). We argue that while the current approach is
effective in practice, it is unlikely that it will result in anything resembling the
architecture of the human brain.

Deep learning research is a mostly bottom-up process that starts with
restating a problem in the form suitable for learning and searching for the
best technique for solving it. As a result, the organization of deep learning
systems depends on the task rather than the cognitive function it requires.
Networks include only those components necessary for the task, and designs
are different for each. As there is no theoretical foundation, most of the work
is empirical. Consequently, justifications of the design and implementation
choices are often omitted or obtained post-hoc. Even if this process eventually
converges to a parsimonious set of computational mechanisms that enable
human-level performance, it is not guaranteed to be human-like. Already, the
most performant deep learning architectures are also the least similar to human
brain and behavior, as discussed earlier in Section 11.2.

In contrast, cognitive architectures aim to discover and explain the essence
of human cognition by constructing artifacts that mimic it. Thus, some level
of cognitive or even biological plausibility is present by design. The archi-
tectures also embody concrete theoretical proposals about the human mind
and brain; while empirical methods may be used locally to fill gaps in theory
or to tune parameters, the overall process is largely top-down—starting with
specific premises and constraints that guide design and implementation. As a
result, different cognitive architectures share a lot of high-level structure (see
Chapter 8). For example, in all projects that we considered, working memory
plays a central function due to its importance for human cognition.

Lastly, building and maintaining cognitive architectures is a long and ardu-
ous process that demands multidisciplinary expertise; the majority of projects
take years of work before producing concrete results. Thus, continuity and con-
sistency of vision are essential. Not surprisingly, long-standing projects in our
selection of architectures are led by the same core teams of researchers, some
for many decades. In comparison, there are few stable projects in mainstream
deep learning that are continuously developed by the same group. Instead,
anyone can potentially contribute thanks to the availability of frameworks,
pretrained models, and computational resources that have considerably low-
ered the barriers to entry in recent years. However, the ease of experimentation,
publication pressure in academia, and pursuit of short-term business interests

4Toromanoff et al. (2019) argue that the metrics used to compare performance of DQN (Mnih et
al., 2015) on Atari games underrepresented human performance, therefore the claims of superhuman
performance are misleading.

5“Superhuman” models regardless of learning method, task, and training data can make silly
mistakes that most humans will not, which is sometimes referred to as adversarial examples. For
instance, image classifiers trained via supervised learning on large image sets tend to overgeneralize
concepts (e.g. confuse bicycles and tricycles), rely too much on texture or shape, and misclassify
associated objects (e.g. hummingbirds with hummingbird feeders and snow with shovels) (Hendrycks
et al., 2021). Likewise, seemingly unbeatable reinforcement-learning-based Go-playing Al systems are
vulnerable to certain classes of strategies that allow non-experts to consistently win against them
(Wang et al., 2022).
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in industry have also led to an explosion of useful but ultimately incremental
work, whereas many fundamental issues remain unaddressed.

11.5 Summary

Conceptually, deep learning traces its roots from connectionism in the early
days of AI. But only recently, advances in computing hardware, improve-
ments in learning algorithms, and the availability of large datasets have
enabled successful practical applications of deep learning in many domains.
As a result, it is now the prevalent paradigm in AI, pursued by both
academia and industry.

Despite its dominance in Al, deep learning has no significant presence in the
field of cognitive architectures. There are a few architectures that incorpo-
rate shallow neural networks as perceptual and motor modules and several
more that focus on biologically inspired connectionism.

The relationship between neuroscience, cognitive science, and deep learn-
ing is skewed. Mainstream deep learning pursues scaling at all costs and
largely ignores biological plausibility, except when it contributes to practi-
cal success. On the other hand, neuroscience and cognitive science mainly
contribute to identifying the weaknesses and limitations that help improve
designs of neural networks and benchmarks.

Although deep learning is seen by some as a way to bridge neural compu-
tation and behaviors, the usefulness of neural networks as models of the
human brain and cognition is still unproven.

Given the inherent limitations of deep learning and the bottom-up approach
to modeling cognition, it is unlikely that the current research paradigm will
lead to the emergence of a human-like cognitive architecture.



12 Challenges of the Past and
Opportunities Ahead

The main purpose of this book is to catalog and summarize the past and
present efforts toward modeling the human mind and brain in cognitive ar-
chitectures and to describe their successes and limitations. We looked at
the goals and roots of cognitive architectures, identified common approaches
for modeling important elements of human cognition, established practical
abilities of cognitive architectures, discussed evaluation procedures, and, lastly,
the place of cognitive architectures in the era of deep learning.

Throughout the book, we have refrained from injecting judgments or per-
sonal opinions, and, instead, tried to rely on the publications we reviewed to
identify important problems. We conclude the book with this chapter, where in
addition to the views of the community at large, we provide our thoughts and
commentary on the issues that the field is facing today and suggest directions
for future research.

Section 12.1 describes current challenges facing cognitive architectures as a
field. Here, we consider the range and fidelity of cognitive abilities as well as
issues with evaluation and reproducibility.

Section 12.2 turns lessons learned from the past forty years of cognitive
architectures into advice for robust research and development practices and
open problems.

12.1 Current limitations

When it comes to challenges and limitations of cognitive architectures, there
is no better source of insights than people who specialize in designing and
developing them. To gather perspectives of the wider community, we identified
papers in our corpus that explicitly discussed the limitations of the systems and
issues that were encountered during the development and evaluation. We then
categorized the issues into groups by cognitive abilities to better match them
to the structure of the discussion as follows: perception, memory, learning, and
reasoning, as well as challenges associated with system integration, evaluation,
and performance. The plot in Figure 12.1 visualizes the relative frequency of
mentions for each category.

The observed distribution of concerns, where perception and evaluation are
most prominent, is consistent with our own analysis in the previous chapters.
The weak state of perceptual capability, ranging from its absence, its sim-
plification via restrictive assumptions, and poor noise tolerance to the lack of
attentional mechanisms and active perception are reported across the majority
of cognitive architectures, both historic and modern ones. With regard to
evaluation, a large portion of the papers point
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Fig. 12.1 Issues corresponding to the core cognitive abilities discussed in the Part Il of the book as well as
evaluation and performance. The information is extracted from 329 papers (12% of the total 2,800 papers
in our corpus) which explicitly discussed the issues and limitations of the respective approaches.

data as the main concern, while others advocate for testing architectures on
more varied, challenging, and realistic tasks over longer periods of time. There
are, however, only a few mentions of the lack of quantitative comparative
evaluations as an issue to be addressed, again agreeing with the conclusions
in Chapter 10.

The limited learning ability and consequent overreliance on hard-coded
knowledge are widely acknowledged weaknesses in most cognitive architec-
tures, also in line with our observations. Somewhat surprisingly, issues related
to reasoning were emphasized, despite these abilities being a strong suit of
many cognitive architectures. Here, inability to deal with failures, interrup-
tions, and inconsistent knowledge, along with the related problem of limited
meta-cognition, received the most attention.

Performance-wise, the number one concern is computational complexity
that causes slow execution time and the difficulties with scaling to larger
knowledge bases. While responsiveness is particularly critical for robotic ar-
chitectures, slow running simulations are also unfavorable for general cognitive
architecture research because they restrict the scope of experimentation and
complicate comparisons with human data.

Issues categorized as miscellaneous in Figure 12.1 form a connected cluster.
The key problems are the impaired social and communication abilities of most
cognitive architectures, which in turn are related to a lack of deep system
integration between sensing, motor actions, and reasoning.

The rest of this section will go into more detail of the key challenges in
each of the research areas. We will also discuss problems of reproducibility
and replicability that have received little attention in the literature so far.

12.1.1 Range and realism of cognitive abilities

The dozens of cognitive abilities and phenomena related to perception, me-
mory, learning, decision-making, and reasoning that have been covered in this
book are by no means representative of the full breadth of human competence.
In fact, none of the examined cognitive architectures support in theory or
demonstrate in practice even a basic set of human abilities, thus falling short
of representing the nearly 3,000 distinct human cognitive abilities listed in
Carroll’s (1993) comprehensive survey. Only a small fraction of architectures
explores creative problem-solving, communication, social interaction, natural
language understanding, and complex motor control. Even for some of the most
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basic abilities, cognitive architectures do not yet provide complete mechanistic
explanations or realistic behavioral outputs.

Perception

The treatment of perception in cognitive architectures is at odds with de-
velopments in both artificial intelligence (AI) and cognitive science. Some of
the largest growing conferences and fastest growing literature are in computer
vision. The best understood part of the human brain is widely believed to be
the visual cortex. Yet, in cognitive architectures, perception is arguably the
most understudied of the core cognitive abilities.

Historically, most cognitive architectures primarily focused on reasoning
and planning in simplified domains, often overlooking the interaction between
perception, memory, cognition, and attention mechanisms that help deal with
the vast complexity of sensory data. As a result, the treatment of perception in
most cognitive architectures remains superficial, falling short both in terms of
capturing behavioral phenomena and replicating neural mechanisms of human
perception.

Although vision is by far the most common sensory modality, it is simulated
in more than half of the cognitive architectures we considered. A common
approach is to use highly preprocessed sensory data, such as the scene already
parsed into objects with all their properties and spatial relations. Needless
to say, such simplifications not only result in systems that struggle with more
realistic data, but may also affect cognitive abilities that depend on perception.
For example, working memory designed for pristine well-defined data will likely
lack mechanisms for rectifying errors and dealing with noise.

Even in robotic systems that must implement perception with noisy sensors
to satisfy strict performance requirements, the solutions are often suboptimal.
Many involve highly specialized pipelines with unrealistic assumptions to sim-
plify processing as much as possible. Consequently, these systems can only
be deployed in simulated or highly controlled real environments. Very few
cognitively plausible vision systems attempt to counteract the issues of noise,
complexity, and volume of sensory data via attention and active perception.
Usually, attention is more often a side effect of other design decisions rather
than an intentional choice. Overall, visual perception in cognitive architectures
lags significantly behind its biological counterpart in terms of robustness and
generalizability.

The processing of sensory modalities other than vision, such as audition,
proprioception, and touch, is often delegated to off-the-shelf software. While
these solutions can save labor and offer practical benefits in the short term,
they have a significant downside. When it comes to interaction with the
architecture’s components, external software is by its nature difficult to fully
integrate with the rest of the system. For instance, internal representations
within external modules are often not accessible, especially if proprietary bi-
naries are being used. Conversely, representations from external modules that
are not compatible with the rest of the architecture may require workarounds
or even prompt additional modifications to the architecture itself.

Memory

Memory due to its central role in cognition is the only component that is
found in all cognitive architectures. Because of the significant differences across
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cognitive architectures in terms of their theoretical backgrounds, structure,
representations, and processing, memory implementations are very diverse.
The level of theoretical and technical specification also stands out compared
to other abilities. Nevertheless, memory is far from being a solved problem.

The vast majority of memory systems we reviewed in this book are purely
functional and primarily serve decision-making without much regard for cog-
nitive or biological constraints. Simplifications and ad hoc solutions are often
introduced, either motivated by performance considerations or because of gaps
in knowledge about human memory. For example, many memory models are
effectively unlimited in size, possess perfect recall, and forget nothing.

Furthermore, computational models of memory are rarely assessed on their
own or compared to how human memory operates. However, even the limited
available evidence from our analysis shows that not many memory models have
a potential of reaching the scale and efficiency of their biological counterparts,
and even fewer can effectively explain human memory mechanisms.

Another issue is the notable absence of episodic memory. Despite being
discovered decades ago and widely recognized for its importance in learning,
communication, and meta-cognition, episodic memory remains largely ignored
in cognitive architectures; less than one-third of systems include it, usually in a
rudimentary form. The most common approach to episodic memory is building
a database of time-stamped snapshots with simple consolidation mechanisms
to remove duplicates and simplify search.

Lastly, although the majority of the systems segregate memory by type,
duration, or both, the links between them are not sufficiently explored. These
include interactions between short- and long-term memories and episodic and
general knowledge, mutual effects of declarative and procedural knowledge on
one another, and dealing with inconsistent or erroneous memory items.

Learning

Many types of learning have been investigated and implemented across cog-
nitive architectures, but there is still more to do. One-third of cognitive ar-
chitectures do not implement learning. Instead, memory contents are hard-
coded, which is very labor-intensive and requires considerable expertise in
the given task. Thus, when evaluating the cognitive architecture that acts on
such knowledge, it becomes difficult to discern the relative contribution of the
implemented mechanisms and human programmer’s ingenuity to the observed
performance.

The remaining two-thirds of the architectures with learning do not come
close to the full range of human learning ability. For instance, some are limited
to learning only procedural or semantic knowledge, i.e. they can learn new
tasks but not new factual knowledge or vice versa. Others learn different types
of knowledge but are limited in the types of learning mechanisms, such as only
learning through trial and error or by instruction, but not both, as humans
do.

Learning itself is often not efficient. Supervised and reinforcement learning
scenarios often require thousands upon thousands of trials to master a simple
movement or a set of facts. Humans, on the other hand, improve quicker, and
in some cases can learn from a single observation or a brief verbal description.

Once something is learned, it often remains frozen in memory. This is
particularly true of perception, which in many cognitive architectures relies on
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prelearned models for detecting objects and parsing scenes. Any kind of long-
term continuous learning remains a challenge, partly due to short durations of
most tasks and partly due to limitations of both connectionist and symbolic
approaches. For instance, neural networks struggle to balance plasticity with
catastrophic forgetting, whereas symbolic systems suffer from brittleness and
utility problem as they accumulate larger volumes of knowledge.

Reasoning

Reasoning is another core ability that is well-represented across all cognitive
architectures. Despite being a major focus of efforts, robust reasoning and
decision-making with incomplete information and under resource constraints
remain a major challenge.

Perhaps, the most long-standing issue, reported in the papers from the
1980s as well as more recent work, is dealing with various failures, interrup-
tions, and inconsistencies in the input or knowledge base. Such situations hap-
pen during everyday tasks and in safety-critical domains due to distractions,
sudden changes in external circumstances, or new internal goals.

Typical solutions focus more on reducing the chance of such incidents
by controlling the environment and hard-coding the knowledge to cover all
possibilities and externalities, but it is clear that the true solution lies else-
where. Many agree that whatever form the working solution will take, some
form of meta-cognitive ability should be part of it. In order to return to the
previous task after being interrupted or assess how to deal with the failure,
a system should be able to monitor and analyze its own behavior. However,
meta-cognition itself is not widely supported across cognitive architectures and
is often too rudimentary to make a difference.

Behavior modulation or internal goal direction can also contribute to more
robust, autonomous, and human-like behavior. The effects of personality traits,
drives, moods, and emotions on other aspects of cognition, such as memory
and decision-making, are well studied in psychology but are featured in only a
select few cognitive architectures. Although potentially any cognitive architec-
tures can be “retrofitted” with these abilities, not many examples exist. Even
rarer are cognitive architectures designed with behavior modulation in mind.
Despite supporting behavior modulation natively, these implementations are
quite basic and not comparable to the breadth of emotion and traits displayed
by humans.

Social abilities

Displaying and recognizing emotions is necessary for social abilities and ef-
fective human-machine communication. Other prerequisites for social compe-
tence are robust perception, natural language processing, effective reasoning,
and quick response. Not surprisingly, given the issues described above, it is
generally acknowledged that cognitive architectures universally struggle with
scenarios that involve other robots or humans.

For example, verbal communication is the most common mode of interac-
tion between artificial agents and humans. Many issues are yet to be resolved,
as the current approaches do not possess a sufficiently large knowledge base
for generating dialogs and generally lack robustness. Few, if any, architectures
are capable of detecting the emotional state and intentions of the interlocutor
or giving personalized responses. Non-verbal aspects of communication, such
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as performing and detecting gestures and facial expressions, natural turn-
taking, etc., are investigated by only a handful of architectures no longer in
development. As a result, most demonstrated interactions are heavily scripted
and often serve as voice control interfaces for supplying instructions instead
of enabling real collaboration between the human and the machine.

System integration and multitasking

Even though integration of multiple elements of cognition is one of the goals
of cognitive architectures, it has not been fully achieved, as often admitted by
researchers themselves. A particular area that needs improvement is the tighter
integration of perception and motor abilities with the rest of the cognitive
operations. This would not only make architectures more human-like but could
also help address the robustness and flexibility issues currently plaguing the
field.

One aspect not emphasized in the literature is that most of the tasks
and skills attributed to cognitive architectures are implemented as separate
instances. As a result, there is no chance of reusing the capabilities or accu-
mulating knowledge from one task to another because every instance has its
own design, knowledge base, skill set, and often a specific set of parameters.
Furthermore, compatibility of processes across these instances cannot be ver-
ified. Although there are attempts at building unified models for performing
multiple tasks (e.g. Spaun based on the SPA architecture), most cognitive
architectures are a collection of individual models built on top of the core
functionality rather than a single integrated system capable of performing
multiple tasks.

Additionally, as the underlying core evolves, those instances created with
the previous versions may no longer be compatible with the new version and
vice versa. This lack of backward compatibility is an issue for long-running
projects and adds to the challenge of building and maintaining a coherent
System.

12.1.2 Evaluation

By far the most pressing and long-standing issue in the field is the thorough
experimental testing of cognitive architectures, as discussed in Part III. For
instance, many cognitive architectures (including those that aim to achieve
AGI) are not sufficiently validated against human data or compared to other
approaches. Additionally, they are rarely tested on challenging benchmarks
and realistic environments, and only a few have demonstrated utility in real-
world applications.

Validation on human data

Replicating human data from psychological experiments is a natural way of
assessing intelligent systems that aim to mimic human performance. It is not
the most common evaluation method, but it has been applied to a number of
cognitive architectures. Often the reported fit to human data is limited, i.e.
the model can adequately represent only some aspects of human performance.
Even though the cause of mismatch is not always identified, there are common
issues with conducting such studies. Besides small numbers of participants,
which limit the statistical power and effect size, the inputs and outputs of the
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models rarely match those of humans. Since perception is generally the weak
point for most cognitive architectures, the input is highly simplified. In many
cases, the knowledge and strategies for performing the task are hard-coded as
well. In addition, postprocessing of the output is often required to match it
with the temporal resolution or other properties of the human data.

As conclusions are often supported by a cursory statistical analysis, there
is no guarantee that a given architecture possesses the same cognitive ability
as the human subject performing the task. Considerations that may lead to
different interpretations are often ignored. These include model complexity,
generalization, and falsifiability. Besides, restricting evaluations to psycholog-
ical experiments tells us little about the actual abilities of the system in the
real world due to the abstract nature of many psychological tasks and inherent
limitations of the laboratory setting.

Lastly, there is virtually no overlap in terms of the tasks or specific studies
used for evaluation. Therefore, it is not possible to compare performance or
approaches to modeling across architectures.

Quantitative and comparative evaluation

In our view, the lack of quantitative and comparative evaluations limits the
development of the field. The absence of rigorous evaluation methods makes it
challenging to identify the strengths and weaknesses of different approaches,
compare their performance, and build upon previous work. Instead, most
cognitive architectures are tested on disjointed and sparse sets of experiments,
from which it is difficult to infer their abilities and representational power.

Surveys, such as this book and others we mentioned earlier in Section 10.2,
are a first step toward mapping the landscape of approaches to modeling
human intelligence, but they can only identify broad areas in need of further
exploration. For a comprehensive and meaningful analysis of what has worked
and what has not, one needs to go beyond the qualitative information that can
be extracted from descriptions and demos. In order to faithfully represent the
extent of the cognitive ability in practice, quantitative comparisons are also
necessary.

For an example of what comparative evaluation can provide, we can look
at the recent developments in AI. Up until the early 2000s, the situation was
the same as in the field of cognitive architectures now. Much of the work has
been evaluated on isolated cases individually or against simple baselines. The
situation has changed dramatically in recent years as common benchmarks
have began to shape the field by focusing activity around specific problems
(Martinez-Plumed et al., 2021). Improved performance on benchmarks has
become the main metric for quantifying progress toward solving hard problems
in many areas of AL!

It should be noted that treating benchmarks as the most important metric
of a scientific contribution has its negatives. Dehghani et al. (2021) liken
benchmark-driven research to a lottery, meaning that success of computational
approaches is determined by many factors not necessarily related to algorith-
mic superiority, especially in the absense of rigorous statistical significance

1For example, Stanford University has been using benchmarks to compose annual Al Index reports
on advancements in the field, see


https://aiindex.stanford.edu/report/

222 | Challenges of the Past and Opportunities Ahead

tests. Another consequence of benchmarks is biasing the field toward engineer-
ing solutions and away from fundamental problems (Su and Crandall, 2021).

In sum, while comparative quantitative evaluation is not without issues,
benchmarking is a powerful tool when used properly and interpreted with
caution. For various reasons discussed in Chapter 10, we do not yet observe a
shift in the way cognitive architectures are evaluated. We see this as an oppor-
tunity to apply lessons learned in the computer science community to improve
quantitative methodologies for testing and comparing cognitive architectures.

Running time and scalability

Evaluations that focus on the efficiency and scalability of cognitive architec-
tures are even rarer, thus there is very limited quantitative information about
space and time complexity of cognitive architectures we reviewed.

The problem of computational efficiency is taken more seriously in the
architectures that target robotic and interactive applications where respon-
siveness matters. But overall, cognitive architectures are not designed with
performance considerations in mind.

Regarding scalability, it has been shown that applying existing implementa-
tions to larger amounts of data is not possible without optimizations to data
processing and storage that sometimes result in a complete rewrite. With-
out such modifications, the majority of cognitive architectures have difficulty
maintaining a large knowledge base and operating in complex environments.
However, there are still not many works addressing this problem, even though
demonstration of advanced cognitive abilities and real-world problems clearly
demand further improvements.

12.1.3 Reproducibility and replicability

Reproducibility of results is one of the fundamental requirements for scientific
research (Schmidt, 2009). In psychology, reproducibility refers to the ability
to obtain the same results by applying the same analysis to the same data
(Nosek et al., 2022). An equivalent in machine learning, also referred to as
computational reproducibility, involves running the code provided with the
study on the same dataset and obtaining the same results (Gibney, 2022). A
stronger condition is replicability, which entails independently repeating the
same study, reimplementing the algorithm, or recreating a dataset based on
the specification.

Both psychology and Al have been dealing with the “reproducibility crisis”
in the past decade. In the case of psychology, a large-scale study by the Open
Science Collaboration (2015) attempted to replicate a hundred psychological
studies but succeeded with only a portion of them. While 97% of the original
studies claimed statistically significant results, only 36% of the replications
confirmed them. Similar concerns have also been raised for research in machine
learning. In one study, out of 255 papers published between 1984 and 2017,
only 63.5% were successfully replicated, i.e. for those papers at least 75%
of the original claims were confirmed with the independently written code
(Raff, 2019).

In both disciplines, a combination of incomplete descriptions, filtering tra-
ining and test data, incorrect statistical analysis or evaluation of results,
HARKing (Hypothesizing After Results are Known), underreporting of and
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lack of code and data used for analysis are common causes of replication
failures. Additionally, in the machine learning research, data leakage (or con-
tamination of training data with test data) has been identified as a major
issue preventing replication and reducing the validity of the results (Kapoor
and Narayanan, 2022). Given the variety of these issues and their causes,
the proposed remedies are multifaceted as well, ranging from incentives for
conducting replication studies to improving transparency of methodologies and
accessibility of code and data (Stevens, 2017; Kapoor and Narayanan, 2022).

In the field of cognitive architectures, no large-scale replication studies have
been conducted to date, which itself is concerning. Nevertheless, it is very likely
that replicability issues exist in this area as well. Next, we consider several
problems that impede reproducibility and replicability of results in the field
of cognitive architectures.

Code and data availability

Availability of source code and data is seen by many as an important step
toward improving replicability in many fields. As a result, journals and con-
ferences across many disciplines have recently begun to encourage or even
enforce publication of the code and data (Hardwicke et al., 2018; Pineau et
al., 2021; Tedersoo et al., 2021).

Given that the bulk of cognitive architecture papers we considered were
published before such measures became widespread, the availability of mate-
rials needed for computational reproducibility is sparse. While nearly a half
of the cognitive architectures we reviewed maintain a project webpage, only
one-third provide code or binaries for the core components. Even fewer release
code for individual models and data needed to reproduce the experiments.
Finding them is not easy, as less than 2% of the papers have links to the
code and studies are rarely associated with the code on the project pages.
On a positive note, nearly half of the projects that do share code host it on
platforms, such as GitHub and BitBucket, which ease access and encourage
collaborative development.

Method specification

Another condition for successful replication of the results is the clarity of
technical descriptions (Cooper and Guest, 2014; Raff, 2019). However, the
literature on cognitive architectures gives far more importance to the cognitive,
psychological, and philosophical aspects of the proposed approaches while
underspecifying or omitting technical implementation details. For example, we
often encountered publications that described certain capabilities but did not
provide enough concrete information on their exact range nor how they were
achieved algorithmically. This issue is particularly acute for perception and
motor control, although details of other abilities are often not fully specified
either.

Even seemingly trivial descriptions, such as a basic cognitive cycle from
inputs to outputs, were not easy to locate for most cognitive architectures.
Sometimes, it was possible to piece together a coherent explanation from
multiple sources, but for many projects there was simply not enough infor-
mation. For example, diagrams commonly used to illustrate the structure
and processing of the architectures differ greatly in resolution and level of
abstraction. While most specified the connections between the modules and
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their direction, the contents, volume, or temporal order of the information flow
was almost always omitted. The accompanying text did not go deep into the
details of the diagrams, either.

We often found descriptions of abilities that were supported in theory
but only partially implemented or not implemented at all. In general, unless
specifically mentioned by the authors, the status of features was difficult to
assess based on publications alone, especially if no quantitative tests were
presented as proof.

Usability

We found that available source code of cognitive architectures was accompa-
nied by instructions that allowed users with basic programming knowledge to
run a simple demo. However, anything beyond, such as reproducing published
results or building a custom agent, usually required much more effort and
skill. A part of the problem is that no common frameworks or programming
languages emerged for development of cognitive architectures. The implemen-
tations we found were equally split between Lisp, Java, Python, and C/C++,
and used a wide variety of custom and off-the-shelf libraries.

Further complicating matters is each project’s complex and unique struc-
ture, often formulated using specialized terminology and implemented in a
codebase that is, with few exceptions, not professionally developed and main-
tained. But even for the projects for which ample support, documentation,
and workshops are available, like ACT-R and Soar, customizing the code or
reproducing the results are still not easy tasks.

The complexity of the code and lack of commonalities across implemen-
tations reinforce the insular nature of most cognitive architectures, acting as
barriers for contributions outside the core development groups. This is in stark
contrast with the current situation in AI, where the proliferation of platforms,
code, documentation, demos, and tutorials significantly democratized access
to research tools.

12.1.4 Definitions

Last but not least is the issue of definitions. Fundamental concepts, such
as cognition, intelligence, learning, reasoning, etc., have numerous definitions
and interpretations at different levels of abstraction. This places cognitive
architectures in a precarious spot. On one hand, they must operate with
inherently fuzzy and difficult to define concepts. On the other, cognitive ar-
chitectures are not purely theoretical constructs; implementation leaves no
place for ambiguities, even if the concept in question is not well-studied or is
ill-defined.

To address this issue, we attempted to distill the meanings of key terms
and their interpretations within cognitive architectures at the beginning of
each chapter of this book. However, we found that the literature was generally
opaque with regard to specific theoretical and terminological commitments.
For example, a number of cognitive architectures explore reasoning but omit
even the most basic definition of what reasoning is or references to definitions in
the literature. One can only make an educated guess based on the specification
(itself often incomplete), trace references to similar projects, or refer to the
implementation (if source code is available).
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Commitment to a certain theory or set of ideas on theoretical and algorith-
mic levels is one of the reasons for developing cognitive architectures and their
biggest advantage. However, when not clearly expressed, these commitments
are quite difficult to extract from the literature, especially since they tend to
change as the cognitive architecture itself evolves.

12.2 Future directions

In this final section, we discuss open problems that could shape the field
of cognitive architectures research moving forward. In our view, the key to
progress lies in maintaining and strengthening the collaboration between the
fields of cognitive architectures, cognitive science, and Al. Throughout the
book, we have consistently highlighted the inherent connection between these
disciplines. It is our hope that future research in cognitive architectures will
continue to serve as the interdisciplinary bridge, fostering mutual benefits and
innovation.

Cognitive architectures by their design combine findings from cognitive
science and Al to design blueprints for structure and decomposition of hu-
man cognitive abilities and their algorithmic representation, respectively. In
return, cognitive architectures offer a way to advance theory and applications
by revealing gaps in knowledge, testing hypotheses, making predictions, and
identifying algorithm limitations. Lastly, cognitive architectures can provide
an alternative to mainstream Al to alleviate the danger of epistemic monocul-
tures. While some of these processes have already been happening organically,
even more benefits could be gained from an intentional approach. In addition
to interdisciplinary ties, moving forward, it is important to establish and follow
better research practices.

12.2.1 General best practices

How does one go about building a cognitive architecture from scratch? Unfor-
tunately, there is no straightforward answer to this question because every
cognitive architecture in existence is a one-of-the-kind hand-built artifact.
However, there are general principles that can be drawn from other domains
and learned from the literature that can guide the process.

Research vs. engineering

To begin, one needs to define a high-level purpose for the project. Generally,
cognitive architectures can be divided into those that pursue advancing the
theory of human mind and those that aim at solving a practical problem.
Depending on this initial choice, the strategies for further exploration and
implementation will differ (Vernon, 2016).

Theoretical architectures start with a hypothesis or a theory to be tested.
These can arise from various source. Comparing influential theories to find
commonalities and differences is one way of establishing a basis of an archi-
tecture. Estes (1991) discusses how this can be done using the association
and trace theories of memory as an example and what testable questions arise
in the process: one can ask whether memory is distributed, what the built-in



226 | Challenges of the Past and Opportunities Ahead

memory structures are (if any), and whether a unified architecture for memory
exists.

New insights into human abilities and limitations unexplained by current
theories can also come from experimental data. Similarly, new experimental
methods may provide new levels of detail or new information that was not
captured before. For instance, the invention of fMRI thirty years ago provided
a new level of fidelity for studying the brain and inspired a number of novel
findings and new interpretations of the existing approaches (Bandettini, 2012).
Among other things, this technology fundamentally altered our understanding
of memory, reward circuitry, and brain plasticity (Rosen and Savoy, 2012).

An engineering approach to modeling the mind begins with a concrete
problem to be solved, which can be turned into requirement specifications
describing the task, resources, and domain. While in principle, it might be
possible to find a solution directly from task specification, theory and human
data can also be helpful. For instance, observations of human experts may
provide a good starting point into the task and specific areas where humans
excel or struggle.

When the high-level theoretical foundation is determined, one needs to
implement it to empirically test theory or practical utility. One can start from
scratch or build the system from existing mechanisms, modules, or even repur-
pose existing cognitive architectures. Computational approaches designed from
other areas can be imported as well. For example, as mentioned in Section 2.2,
production systems were not designed to model cognition initially but turned
out to be good representations for cognitive processes.

Although it is useful to separate theoretical and applied aspects of develop-
ing cognitive architectures conceptually, in practice, both proceed simultane-
ously. Overall, building an architecture is a necessarily iterative process that
takes a lot of experimentation. Whether one starts with an abstract idea or a
concrete task specification, the full extent of the problem is almost never known
in advance. When gaps in the knowledge are encountered, it is often infeasible
to wait until they are closed. Therefore, building an architecture involves a
series of decisions and assumptions that reflect the expertise, preferences, and
biases of the developers. Some of these decisions will be motivated by theory,
while others will be dictated by the demands of the task or available resources.
Some decisions may turn out to be correct, while others may be disproved
theoretically or discovered empirically later.

In addition, there are high-level principles that apply to both theoretical
and engineering approaches, such as the desiderata discussed in Section 1.2.2.
Regardless of the chosen path, developers often aim at parsimony by designing
the architecture to satisfy as many conditions as possible with the smallest
set of mechanisms. This is virtually impossible to get at the first try. Thus,
all cognitive architectures go through multiple partial implementations or
versions of the same core structure. This can get messy very quickly, therefore
following robust methods for theory formulation, software development, and
comprehensive evaluation is very important. The good news is that progress
along one of these problems will bring improvements along others. The outline
we give below is only a sketch. A forthcoming volume (Ritter, accepted 2022)
will further detail every step of building cognitive models, including theory,
task selection, implementation, evaluation, and dissemination of the results.
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Theory and specification

Historically, the literature on cognitive architectures emphasized conceptual
aspects over implementation. But even despite this imbalance, the exact theo-
retical stance of many cognitive architectures is still difficult to pinpoint. This
is further complicated by two factors. First, there are numerous changes to
both theory and implementations that most cognitive architectures undergo
throughout their lifetime. Second, even if one wants to be explicit about
choices, the limits of publication venues in terms of topics and volume may
prevent it. Luckily, there are solutions to both problems.

Surveys are primarily useful for providing a snapshot of the state of the
field and qualitative comparisons along different dimensions that clarify broad
conceptual differences between projects. However, even the most diligent re-
viewer does not have the same level of understanding as the authors and may
be biased in their selection of projects to survey. Thus, a promising option
is to involve the architecture developers in the review process, as was done
by Samsonovich (2010). A questionnaire was sent to the authors of multiple
cognitive architectures to get their take on what aspects of the architectures
were implemented and how. Both kinds of review if conducted periodically
could help keep track of field development.

The second issue may be in part resolved by the authors as well. As is
already done for several prominent architectures, program papers or books that
trace development and summarize accomplishments of the individual projects
are quite valuable. Such publications detail history, theoretical foundations,
cognitive cycle of the architecture, list specific applications, and summarize the
development status, outlining which features are fully or partially implemented
and which are supported in principle.

In addition to traditional publication routes via journals, conference papers,
and books, other publication options should be considered as well. In our
experience, deeper technical discussions and personal perspectives expressed
in manuals, blogs, white papers, PhD dissertations, and Master’s theses were
invaluable resources for a better understanding of the motivations and techni-
cal challenges behind many cognitive architectures.

Software development

Although all cognitive architectures we reviewed have a substantial software
component, there is relatively little discussion of the best software development
practices tailored for projects of this complexity and scale.

Recommendations by architecture developers reiterate the importance of a
standard development cycle, use of appropriate tools, graphical user interfaces,
code refactoring, but especially emphasize hierarchical decomposition of the
system into modules and common lower level objects to encourage code reuse
(Nii, 1986; Young, 1993; Hayes-Roth, 1996; Barbera et al., 2002; Boicu et al.,
2004; Lane and Gobet, 2012). Testing should also be part of development and
performed at every level. Lane and Gobet (2012) give a detailed description
of such multilevel testing methodology:

e Unit tests ensure correctness of the basic implementation (e.g. average is
computed correctly from the given inputs);

e Process tests validate the program on a functional level (e.g. verify that the
chosen activation function in the perceptron is followed). Testing on this
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level is decoupled from the implementation, meaning that it is not specific

with respect to the programming language or the algorithm. However, such

tests are tied to the theory and can even serve as a descriptive specification;
e Behavioral tests verify the behavior of the system as a whole.

Another approach to streamlining development is the use of specialized
frameworks. For instance, ROS (Quigley et al., 2009) and OpenCV (Bradski,
2000) have become a standard for developing robotic and computer vision
applications, respectively. The advantage of these frameworks is that they
provide a large set of ready-to-use data structures and components with perfor-
mance and correctness guarantees, accompanied by extensive documentation.
In addition, a large user community that formed around these frameworks
helps identify bugs and suggest new features for future releases.

There have been numerous attempts to build similar frameworks for design-
ing cognitive architectures with the help of graphical user interface, low-level
data structures, and high-level modules from which more complex systems
could be constructed. However, most remained limited to specific kinds of
agents or architectures. For example, Jadex (Pokahr et al., 2005) provided
tools for creating BDI agents, RoboComp (Manso et al., 2010) was part of
the RoboCog architecture and its successor CORTEX, OpenCog (Hart and
Goertzel, 2008) mainly supported development of the CogPrime architecture,
Nengo targeted models based on the SPA architecture (Bekolay et al., 2014),
and Cognitive Systems Toolkit (Paraense et al., 2016) was primarily used for
building the MECA cognitive architecture.

Another issue is designing instances of the specific cognitive architecture.
Here, efforts have been made to reduce the load on modelers by providing
them with high-level descriptive languages. These languages allow specify-
ing high-level behaviors and include compilers that translate human-readable
descriptions into executable code. Such projects have been proposed for Soar
(Cooper et al., 1996; Crossman et al., 2004a), ACT-R (Salvucci and Lee, 2003),
and Clarion (Nasir et al., 2022).

The field of Al faces many similar challenges but on an even larger scale,
especially recently. Potential solutions, such as frameworks for designing com-
plex systems and keeping track of model and data versions, have emerged
(Martinez-Ferndndez et al., 2022). Many of these lessons learned would be
useful for cognitive architecture researchers as well.

Multilevel evaluation

The field of cognitive architectures has made substantial progress in terms
of theoretical findings and implementations. However, the current state of
affairs is such that most of the architectures and their instances exist in
isolation, making it unclear what they can do or represent. This situation has
implications for both theoretical development and computational modeling.

Currently, the only signal from the literature regarding cognitive archi-
tecture design is the popularity of certain mechanisms, like blackboard and
production systems for memory or neural networks for perception and motor
control. Consequently, there is a general tendency to follow more popular
theories and implementations when building cognitive architectures, while
overlooking alternative options. To correct this bias, it is necessary to establish
a set of objective criteria and evaluation protocols for comparisons.
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There are obvious technical challenges that make it difficult to establish a
robust evaluation framework that would fit most cognitive architectures. The
diversity of the implementations and focus on different aspects of cognition
can be significant barriers. However, there are also quite a few commonalities
across cognitive architectures, at least in terms of the basic components and
core abilities that can be tested in an implementation-agnostic way.

Ideally, proper evaluation should target every aspect of cognitive architec-
tures using a combination of qualitative analysis, software testing techniques
mentioned earlier, benchmarking, subjective evaluation, user testing, and com-
petitions. All of these have already been sparingly applied to individual ar-
chitectures (see Section 10.1), but more work is clearly needed. The benefits
of broader comparative evaluation are obvious and will be very much worth
the effort. Besides objective evaluation, it will open up the possibility of meta-
analysis, tracking the improvements of the individual cognitive architectures
across versions, and measuring overall progress in the field.

Here too, experience accumulated in the field of computer science may
be useful. This includes adoption of methods for software verification and
validation, as well as making use of benchmarks, metrics, and evaluation suites
created for testing deep learning algorithms on a variety of tasks. While most
would not be directly applicable to cognitive architectures, they can serve as
a starting point. One example is the Brain-Score benchmark that provides an
evaluation framework that uses behavioral and neural data to evaluate vision
algorithms at different levels on a set of common vision problems (Schrimpf
et al., 2018).

Code and data sharing

At present, public code repositories, models, and documentation are available
only for major cognitive architectures, such as ACT-R, Soar, ART, OpenCog,
NARS, CHREST, CLARION, and SPA. Given the clear benefits of transparent
research practices that include code and data sharing for the field overall
and for the researchers themselves, we hope to see more implementations of
cognitive architectures become publicly available.

Furthermore, it would be useful to establish reference implementations for
classic concepts (e.g. blackboard, semantic networks), data structures (e.g.
frames), experiment setups, and system components that are common across
architectures. Doing so could promote better development practices and facil-
itate comparisons between different architectures.

Resources about cognitive architectures

Exposure to past work is another essential ingredient for scientific progress.
However, keeping track of past and new research is becoming more difficult due
to the rapidly growing volume of scientific literature. Interdisciplinary fields
such as cognitive architectures face additional challenges because they unite
diverse groups of scientists who do not use the same terminology, approach
problems differently, and publish in different venues.

Throughout the history of cognitive architectures, there have been nu-
merous attempts at organizing this field through surveys, reports, and online
repositories that familiarize researchers within and outside the cognitive ar-
chitecture community with the past and ongoing work. We hope to contribute



230 ‘ Challenges of the Past and Opportunities Ahead

to this by making the materials for this book available,? which we hope will
elicit useful feedback from the community as well.

12.2.2 Open research areas

Lastly, we would like to point out challenging problems that could motivate
the next generation of researchers and architecture developers. Of course,
the list below is incomplete and reflects our own interests and experiences.
However, it is not arbitrary and aims to build upon theoretical advances
and concrete implementations that have been accumulated across cognitive
architectures we examined in this book. Thus, we focus on the broad problems
that combine multiple cognitive abilities and as such are uniquely suited for
further exploration in cognitive architectures.

Perception and embodiment. One of the important but overlooked as-
pects of cognition is the connection between body and perception. It is well
known that perceptual and motor abilities of living organisms are linked to the
structure, dimensions, and kinematics of their bodies (Vernon et al., 2016). For
example, in humans, optical properties of the eyes and visual system operation
are inseparable, thus any artificial system that aims at explaining human
vision should respect this connection. For future vision research this means
using hardware that closely mimics optical, physical, and kinetic properties of
human head and eyes. Similarly, visual processing algorithms should take into
account available sensor parameters explicitly.

Besides vision, considering other senses and interaction between them will
have both theoretical and practical significance. The theoretical questions
concern the mechanisms and features used for integrating, translating, and
coordinating percepts across different senses. In practice, effective combination
of visual, auditory, and touch modalities will be highly desirable for social and
industrial applications.

Learning and memory. Humans learn in many ways, from observation, by
trial and error, through instruction, by induction, and so on. Some learned
information is then retained in memory. While individual forms of learning and
memory have been extensively studied in psychology, and numerous computa-
tional models exist in cognitive architectures, many puzzles remain unsolved.

Working memory is recognized as a crucial component of human cognition,
but there is still no consensus on its properties, such as location, structure, con-
tents, limits, function, and interaction with other types of memory. Regarding
learning, potential directions for investigation would focus on the mechanisms
that guide selection of a specific learning mode depending on the context,
how learning occurs for different types of knowledge, and what controls when
learning starts and ends.

Lifelong learning is yet another mystery, but long-term accumulation and
consolidation of knowledge is difficult to study within existing cognitive archi-
tectures. Expanding the lifespan of these systems will be necessary to explain
how human experts obtain their knowledge or skills after thousands of hours
of learning spread over years.

Multitasking. It would be an understatement to say that the human brain
is versatile. Even in theory, the number of tasks and abilities that humans
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possess has not been exhaustively enumerated. While cognitive architectures as
a whole cover a non-negligible portion of the human cognitive phenomena dis-
covered so far, there are very few systems that can demonstrate even a handful
of distinct abilities within a single instance. Moving from single-phenomenon or
single-task models to more general ones is a big leap, likely more challenging
than putting together existing single-task models. The interaction between
different task requirements and potential conflicts between mechanisms that
implement them will undoubtedly complicate both development and evalu-
ation. Nevertheless, some interesting areas for further investigation are the
mechanisms that select and tune processing depending on the task demands
and context, resource allocation, interruption handling, and concurrent exe-
cution of several tasks.

Attention. Attention, much like perception, has been largely neglected in
cognitive architectures but remains a very active area of research in cognitive
science. Theories and empirical data generated in the last hundred or so years
of research implicate attention in virtually all task-driven behavior as well as
in how perception, memory, and learning operate. As such, attention cannot
be feasibly modeled in isolation from other elements of cognition and vice
versa. Some specific questions of interest are the nature of connection between
attention and working memory, a broader role of attention as a mechanism
that inhibits and restricts, rather than a primarily selective process, as well as
what attention operates on, how, and in what contexts.

Developmental aspects of cognition. There are still very few attempts to
understand how the human brain develops and ages. Cognitive architectures
and Al so far predominantly focused on modeling the adult brain and as such
maintain a fixed structure, whereas the human brain shows incredible plasticity
both structurally and functionally throughout its lifetime. Discovering the
set of innate structures and mechanisms that give rise to the general and
robust visual, learning, and reasoning abilities in adults is one of the pressing
problems.

12.3 Conclusion

Some readers may think that cognitive architectures have become irrelevant
in the age of deep learning. We argue that while modern deep learning Al is
a viable solution for practical applications, it is likely not the solution that
cognitive architectures seek. As we discussed earlier in Chapter 11, mainstream
Al is drifting away from its already loose ties to human biology; the resulting
black boxes trained on inconceivably large amounts of data using enough
energy to melt a glacier are not comparable to how the human brain learns
and operates. Even if human-like performance is achieved with the current or
future version of deep learning methods, the mysteries of the human mind will
remain unsolved.

Peering into the depths of the human cognition to discover its mechanisms
is not an easy task. Building a cognitive architecture is a major commitment
that requires significant human and computational resources, interdisciplinary
expertise, and time to put together even the most basic working prototype. Not
surprisingly, the average lifespan of the cognitive architectures in our sample
is more than a decade. This is what it takes to develop theoretical foundations
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and software implementation to the point where the cognitive architecture can
model non-trivial phenomena, produce insights, and perform interesting tasks.
Tremendous amounts of work have been done already, and even more
opportunities lie ahead. Each open problem outlined in this chapter can inspire
dozens of research projects. Regardless of the chosen research direction, we
believe that success of future explorations in cognitive architectures will be
achieved with the help of robust development practices. Specifically, improve-
ments in the following four areas are most needed to boost further develop-
ment of the field: 1) focus on more realistic perceptual systems with tighter
integration between attention, reasoning, and action, 2) robust quantitative
evaluation procedures based on publicly available data (including the results of
human experiments), 3) availability of implementations and precise technical
specifications, and 4) clarity of definitions and theoretical commitments.
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