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ABSTRACT

Thisthesis nvesti gates the concept of mind as
Agent so metaphor. AnSociety of Agent so de
and intelligent agents. ASoci e t-oriented Mi nd
and deliberativeagents; it is a powerful concept for mind research and can benefit
from the use of metacognition. The aim is to develop a self configurable
computational model using the concept of metacognition. A six tiered SMCA
(Society of Mind Cognitive Architectureontrol model is designed that relies on a
society of agents operating using metrics associated with the principles of artificial
economics in animal cognition. This research investigates the concept of
metacognition as a powerful catalyst for control, funand selfreflection.
Metacognition is used on BDI models with respect to planning, reasoning, decision
making, self reflection, problem solving, learning and the general process of
cognition to improve performance.

One perspective on how to develop awetgnition in a SMCA model is based on the
differentiation between metacognitive strategies and metacomponents or
metacognitive aids. Metacognitive strategies denote activities such as
metacomphrension (remedial action) and metag@ment (self managemerdahd

schema training (meaning full learning over cognitive structures). Metacomponents
are aids for the representation of thoughts. To develop an efficient, intelligent and
optimal agent through the use of metacognition requires the design of a multiple
layered control model which includes simple to complex levels of agent action and
behavious. This SMCA model has designed and implemented for six layers which
includes reflexive, reactive, deliberative (BDI), learninglé@rner), metacontrol and

metacognibn layers.
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Chapter 1 Introduction

1.1 Introduction to the Research

Artificial Intelligence originated with the desire to develop artificial minds capable of
performing or behaving like an animal or person. It has developed in a number of
directions including intéigent sysems, reasoningknowledge representation, and
robotics. Cognitive Science originated in the desire to integrate expertise in the
traditionally separate disciplines of computer science, psychology and philosophy, in
order to advance our insigimto cognitive tasks like problem solving, deois making,
reasoningperceptionJanguage, memorygarningetc. One perspective on how to do

this is to develop cognitive architectures. These cognitive architectures are also called

artificial mind models

Cognitive architectures are designed to be capable of performing certain behaviours and
functions based on our understanding of human and non human minds. Important issues
in developing cognitive architectures include task effectiveness, goal achieyament

the ability to perform well in novel situations. There are many examples of developed

cognitive architectures. Those relevant to this research include SRé&kell, 1990,
1



ACT-R (Anderson, 1993), CRIBB (Bartsch and Wellman, 1989),-&NE (Singh,
2005, CogAff (Sloman, 2001) and CAMAL (Davis, 2002). Any cognitive or intelligent

or robotic architecture can be viewed as a single agent or a large collection of agents.

Intelligent behaviour can be viewed as a combination of more simple behaviours.
Imaginea simple reactive agent that can only move towards and collect a resource in
the environment. Building an optimal or metacognition agent cannot be done with a
single simple agent, as it needs to interact or take a help dtbar agents. Hence
developingSMCA (Society of Mind Cognitive Achitecturg@ can be viewed from the
perspective of Minsky (1985), which leads to the development of many different types
of simple agents, with different behaviours. Metacognition is useful for framing the
constraints forhis swarm intelligence. Swarm intelligence requires the inclusion of a
mathematical theory of how the group of agents work together to achieve a common
goal. Swarm intelligence uses different mathematical algorithms so as to cover all
processing and functining associated with the adopted architecture or mind model

(Bedau, 2003, Martinoli, 2001)

AThe Society of Mind is more than just ¢

for Thinking about Thinkingdo (Singh, 200.

Hence M@ASoci et y cabalyst IMé methcogniticn erdtep ofathe society of
agents. Metacognition is a relatively new buzz word in cognitive theory. Metacognition

is defined as thinking about thinking and can be viewed in two ways:

Monitoring a group of agents in an intelligestt cognitive or robotic architecture (i.e.

self reflection)

Making changes by adapting effective strategies in that group of agents.



Metacontroltaskis a part of metacognition. Metacognition agent is designed to testbed
based on matognitive strategiesuch as mtacanprehension (remedial actionkgls
regulation (metamanagement) amtieama training (meaningfutrning).Metacognitive

aids or netacomponents are used for the representation of thoughts (Zalta, 2005,
Adkins, 2004), that can be made withethelp of some aids such as: (1)using an
abstraction, metasyntactic variable (matching variables) or metacomponents and (2)
goal setting variables such as perceptaage, affectnorms and higher level rules are

met acomponent s. T h edisdipknaryterii,ramd can e usesl to aefer i n
to a standard principle or a model used for a right action. The executive processes that
controls the other cognitive components
particular task or set of tasks, ah@n making sure that the task or set of tasks are done
correctlyo. Met acomponents affects on t#h
important instead of what to do. Metacognition agents follow well aligned norms,
perceptual range, metarules, andiéay and affect values. A well driven agent will

maximize its performance as a consequence of learning to maximize its own reward.

The approach taken addresses these issues through the design and implementation of a
mo d e | of mind buiolfdiAgge ndrs 0t meetfaPdi@oire twyi t h
and capabilities encapsulated as miagents within an encompassing framework. For
example the implemented Society of Mind Cognitive Architecture (SMCA) has
reflexive (six behaviours), reactive (eight behav&®udeliberative (fifteen behaviours),
perceptual (nineteen behaviours), learning (fifteen behaviours, fifteen agents),
metacontrol (thirty behaviours, one agent) and metacognitive (seventy seven
behaviours) agents. Indeed, from an extreme perspectitresirdistributed model of

mind is designed frontombinations of reflexive, reactive, BDI (Belief,eBire, and
Intention) agents deliberative, perceptual, learner (Q learning), metacontrol, and

3



metacognitive agents. Agent behaviours can be analysed msimg different metrics.

The major metrics are metabolic activity, competition and social interaction with respect
to environment and microeconorsicApplication of economics oartificial life to
watch adaptive behavioursThis follows the microeconomic galarities such as cost
and utility. Testbeds and benchmarks are mainly using for simulating, comparing
architectures and outcomes in the field of robotics or cognitive architectures. Pfeiffer
(1988) describes the fungus eater concept as a testbed féatsignnodels in emotion
psychology. The fungus world environment allows the principles and behaviours of a
robot or simulated animal or any artificial mind simulation to be monitored, measured
and compared (Pfeifer, 1996). This research explores metacantt metacognition

mechanisms in developing optimal agents for the fungus world testbed.

1.2 Research Questions

This research project addresses issues associated with the development of a SMCA
distributed model of mind, usig t he @A Soci ety and fn ddihg BOd 0 a

impacts on the following questions.

What is SMCA?What arethe principlesused for designing a SMCA?

What is the difference between reflexive, reactive, deliberative, learning, metacontrol

and metacognition level processesiSocietyof Mind cognitive architecture?

What are the different parts of metacognition? Hbiw concepfits with SMCA?

What are BDI models? How can BDI models plan in different circumstan&€CA?

What arehe metricausedfor measuring a performance of agentSMCA?



The above key questions are raised with the intention of providing solutions or at least
some steps or progress towards answers. These questions are answered in the chapters

of this thesis.

1.3 Roadmap of Thesis

The chapters of this thesis presentnglavith answering the above given questions,
material related to these research questions including research background, theoretical
and design principles and results from experimenting with a society of agents in a
fungus world environment. Each chapt@ncludes with a summary highlighting the

main points of that chapter.

Chapter One gives an introduction to the project, including an overview of the problem
area, research questions, the background of the study, a statement of the problem, the

purpose ofhie study and the chapter organization.

Chapter Two discusses the nature of cognition, the qualities of natural and artificial
minds, cognitive science and approaches on the study of Mind. It also discusses the use
of principles of natural minds in artifai minds such as cost function, goal directed

behaviour and learning.

Chapter Three discusses models of artificial minds and different types of cognitive
architectures, with a specific focus on one developing cognitive architecture. Cognitive
architecturs discussed include SOARNéwell, 1990, ACT-R (Anderson, 1993),
CRIBB (Bartechand Wellman, 1989), ENDNE (Singh, 2005), CogAff (Sloman, 2001)
and CAMAL (Davis, 2002). It raises issues related to the design of a testbed with which

to conduct experiments.



Chapter Four discusses metadtign, and its relation to metantrol and learning. Ti&
chapter also provides ideas of designingma&tacognitionon specifc cognitive
architecture This Chapter also discusses specific interest on the topics of execution
engine and expertise model, Minsky A, B &-EFain, generic architecture for

metacognition and metacomponents.

Chapter Five discusses the definition for society of agents, artificial agents and different
types of agents, with a specific focus on develogiew society of agents. Previous

work relevant to this research includes Brustoloni (1991), Sloman (2002), Franklin
(1997) and Minsky (1985). This Chapter a
model with focus to the newly developing SMCA (Society Mind Cognitive

Architecture).

Chapter Six discusses the newly developingC& (Society of Mind Cognitive
Architecture). The design part includes reflexive, tiwac deliberative level agents or

BDI models, general structure of the BDI model and metadognégent general
structure. The design also includes metacomponents such as affect, higher level rules for

resource set, norms and meaningful learning.

Chapter Seven describes the design of the fungus world testbed and development
undertaken enabling expeental setup. It gives experimental setup with parameters for
fungus world environment such as: replenish rates, agent performance parameters,
out put par ameters, society of agentds se

the fungus world simulain.

Chapter Eight discusses the results for three different experimental cases, with analysis,
discussions and summary. Three sets of experimental combinations were created: (1)

reactive versus BDI agents; (2) experiments on BDI models; and (2) cogrBiix,
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and metacontrol versus metacognition rage The analysis of experiménexplains

how the society of agents behaves in different combiratibhe experimeton BDI

agents follow the principles such as cost function, optimal decision making eéeme
boundary variables. Experimen8 provides a comparison between cognition and
metacognition agentsThis explains through result graphs, how the concept of
metacognition improvethe performance through unificationThe experiment also
demonstratetkow t he cognition and metacognition

Mi ndo concept.

Chapter Nine concludes the thesis with discussions of the research work. This chapter
presents research contributions to the field of artificial intelligence and cognitive
sciences in terms of the research objectives established in the first chapter. This Chapter

also discusses certain limitations and future research directions.



Chapter 2 Artificial Minds

2.1 Origin of the Study of Mind

How does a baby learn to recognize its parentbat\é the mind? Are artificial minds
possible? These are questions that cognitive science and artificial intelligence can
address. The Al era started with John McCarthy, who named "Artificial Intelligence" as
the new topic for the 1956 Dartmouth confemn@Newell, 1957). At the same
conference, Alan Newell, J.C Shaw, and Herbert Simon demonstrated the first Al
programme (Logic Theorist) that could construct logical proofs from a given set of
premises. This event has been interpreted as the first exafrolmachine performing

a cognitive task. A cognitive task is considered to be an element of the mind. The mind

is a core concept for the field of cognitive science.

Artificial Intelligence includes many aspirations. Some researchers simply want
machinesd do the various sorts of things that people call intelligence. Others hope to
understand what enables people to do such things. Some researchers want to simplify
programming, wondering how to build machines that grow and improve themselves by

learning fran experience. Why can we not simply explain what we want, and then let
8



our machines do experiments, read some books, or go to school, which is the way that

people learn things. According to Minsky (1990), machines today do not do such things.

2.2 Cognitive Seence

Cognition is defined as a mental process or activity that involves the acquisition,
storage, retrieval, and use of knowledge. The mental processes include perception,
memory, imagery, language, problem solving, reasoning, and decision making (Zalta,
2005;Wilson & Kiel, 1999) Cognitive science is the interdisciplinary study of the mind
and the nature of intelligence. Cognitive science is aidelftified academic discipline.

It includes different backgrounds, such as philosophy, psychology, aitifici
intelligence, neuroscience, mathematics, computer science, linguistics, and
anthropology. Scholars may come from a wide range of disciplines, but they share a
common interest, that of the min@Viison & Kiel, 1999. Stillings (1995) defines

cognitive stenceasthen The sci ence of mindo.

2.3 Definition of Mind

Minsky (1985) defines mind as the functioning of the brain. Franklin (1995) defines
mind as a mechanism of the brain. Mi ns Kk
Franklin (1995) argues that the fadation of exploring a mechanism of mind can be

done through the possibility of artificial minds. The implemented atrtificial minds are
man made systems that exhibit behavioural and characteristics of natural living or
natural minds. Examples of such adiéil minds are briefly discussed in the next

chapter.



2.4 Reasons for Studying Artificial minds

Why do we need to study artificial minds? What is the need for studying nonhuman
mi nds such as animals or robots? I n #dAAr

important reasons for studying artificial minds.

A Questions related to the nature of intelligence in human and nonhuman minds
are inherently fascinating. The research on artificial minds may well throw a
light on these questions.

A To better understand upming man machine mechanisms.

A To build better robots or intelligent machines and to work with them more

effectively.

Stillings (1995) also gives some important reasons for simulating human and nonhuman

minds in the form of artificial minds.

A Cognitive sciene theories are complicated and sometimes impossible to
understand without simulating and observing in software.

A Comparing people with different capabilities and their cognitive processes via
simulation. These different cognitive capabilities are applredrts and science

to give rise to diverse practical applications.

2.5 Artificial Life

Artificial life aims to understand the essential and general principles or properties of
natural living systems by synthesizing life like behaviours in software, hardwdre an
biochemical systems. The artificial life area overlaps with cognitive science, artificial
intelligence and machine learning. Artificial life originated with Neumann (1946). He

designed computational universal living systems for understanding livingrpesgée
10



self reproduction and complex adaptive s

three different synthetic methods (Bedau, 2003).

A Soft artificial lives:This creates software in the form of purely digital
constructions that exhibitsliée like behaviours.
A 6Har d ar t iThis @eatasla hdrdwdreidmementations to exhibit a life
like behaviours.
A 6 We't ar t i fThesei aad synthesizeel diang :systems and use fluid
biochemical substances.
The behaviours of a life can kanalysed using many different metrics. The major
metrics are metabolic activity, competition and social interaction (Bedau, 2003).The
conversion from a life to artificial system can be done in three stages
A Understanding fundamental properties of the t\vystems.
A Simulating a basic unicellular organism and their entire life cycle, and
A Finally, designing the rules and symbols for governing behaviour by interacting

with an environment.

The mind can be considered to demonstrate the principles and emetg#igence
associated with artificial i fe. The so
I ntelligenced. The swarm intelligence ca
and based on a group of agents working towards to achieve a common goal, (Bedau
2003). Economic theory can be applied to artificial life in order to analyse and model
adaptive or intelligent behaviours. The money or energy spent in such a way is the
utility to be maximized. This follows the economic concepts such as price (cost) and

utility (Bedau, 2003).

11



2.6 Approaches on Mind

The mind can be considered as a dynamic structure of asynchronous data, knowledge

execution systems, and rich information control states.

T
Psychology Artificial
Intelligence
-Synthet|c

Mechanism

Neuro Bottomup of mind
science

Figure 2.1 Perspectives of Mind

According to Franklin1995), the mind can be viewed in four different ways:dopin;
bottomup; analytic; and synthetic. Franklin suggested theses approaches can be based
on four disiplines, as given inigure 21. The four approaches towards the study of the

mind are

A First, psychology considers a tafpwn analytic approach and tries to understand
existing minds.

A Secondly, Artificial Intelligence considers a tdpwn synthetic approach and
tries to build a mind based on synthetic mechanism.

A Thirdly, neuroscience considers atoorup analytic approach and tries to build

a mind based on the activity of a neuron or group of neurons.

12



A Fourthly, the mechanism of the mind considers a botiprsynthetic approach
and tries to build a mind based on the mechanisms that representipsopert

artificial agents.

Franklin approaches clearly divides the study of the mind into four perspectives.
Franklin (1995) suggests that, the final approach is the best approach to build artificial

minds.

2.7 Principles of Natural Minds

Animal cognition is dBned as the mental process, or activity, or mental capabilities of
an animal. This has been developed from different disciplines like ethnology,
behavioural ecology, and evolutionary psychology. Animal psychology includes
experiments on the intelligencg animals. This is one of the simplest ways of

exploring the complex behaviour of human beings. Most cognitive scientists are
interested in comparing human cognition with machine cognitions, only few are

interested in animal cognition (McFarland, 1993; &0us1993; Berger, 1980).

The common biological origin of animal and human cognition suggests that there is a
great resemblance in animal and human cognition, rather than the resemblance between
machine and human cognition. Animal cognition is similar sanén cognition, and
follows, more or less, human cognitive psychology. According to Berger (1980),
animals are both like and unlike humans. Children sometimes behave like animals,
through their reflexive behaviours way. Examples include feeding and graihildren,

and so on.

The behaviour of an animal has consequences which depend on situation, energy use

and other physiological commodities such as water, weather etc. The important
13



consequence of behaviour is energy expenditure. Such expenditure nbaisténto
account, because it influences the animal state. According to Thorndike (1911), the
behaviour of animals is predictable and follows the uniformity of nature. He says that
Aany mind wil| produce the samS8imiarfdyfaect ,
animal produces the same response, and if the same response is produced on two
occasions, then the animal behaviour for that response must changes. The law of instinct
or original behaviour is that an animal in any situation, apart fromitegrresponds by

its inherited nature.

Animal behaviour is not simply a matter of cognition; rather it is product of the
behavioural capacity and the environmental circumstances (McFarland, 1993; Bosser,
1993). Charl es Dar wi n i n (1871),sargued thdt anifinBle s c e
possess some power of reasoning. This research is concerned with the principles
whereby an animal is competent for its resources, and so demonstrates intelligent

behaviour (McFarland, 1993; Bosser, 1993).

2.8 Rational Behavior in Anmals

Theories of rational behaviour are commonly use metaphors from the disciplines of
economics, statistics and cognitive science. These theories mainly focus on state and
action of an animal under certain circumstances. There are four basic requirEments

rational behaviour (McFarland, 1993; Bosser, 1993).

2.8.1 Incompatibility

There are some tasks an animal or person or robot cannot perform simultaneously. For

example a robot can not move up and down or left and right at the same time.
14



2.8.2 Common currency

If the robot or animal cannot perform two activities simultaneously, they must choose
among available resources on the basis of some index or potential to optimise their
performance. The potential can be measured across different activities using the same

unit or currency.

2.8.3 Consistency

A person, robot or animal makes a particular choice when it is in the particular state. It
will make the same choice when it is next in the same state. This follows the assumption
that a choice from a set of incompatible ackgtof a robot a person or animals are

uniquely determined by the state.

2.8.4 Transitivity

A robot chooses among potential activities on the basis of some common currency. The
robot can choose potential activity A over potential activity B (A > B) and potential
activity B over C (B > C), how will it choose between A and C? If the robot chooses
A>B>C it is said to be transitive. If the robot chooses A > B, B > C and C > A then its
choices would be intransitive (McFarland, 1993; Bosser, 1993).The rational agent
sarches for feasible action. If there is no feasible action is found, then it chooses which
is preferable. A rational agent consistently makes the same choice when in the same
state and when given the same set of options. The rational decision maker esx@miz

quantity, usually called utility (McFarland, 1993; Bosser, 1993).
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2.9 Principles of Minds.

2.9.1 Optimal Behaviours in Artificial Minds

Animal behaviour is a trade off between the native courses of action, i.e. physiological,
and goal oriented behaviour. Animalengaged with activities to optimize its pattern of
behaviour with respect to the use of energy and time. If the conditions are relevant to
two or more activities simultaneously, it chooses the most optimal action among them
in terms of its innate ancarnt decision boundaries. The mechanisms of designing a
machine are different from the ani mal 6s

(McFarland, 1993; Bosser, 1993).

2.9.2 Goal directed Behaviour in artificial minds

As shown in Fgure 2.2 goal directedehaviour in artificial minds (a human, animal or
machine) involves representation of the goal to be achieved. This means that behaviour
can be actively controlled by internally represented states. Goal directed behaviour aims
to minimize the difference bewe en t he fidesiredo state of
affairs. This difference is called as error in the behaviour. This can be corrected by
using different factors. The design of an animal is genetically based and product of
natural selection. Buhe robot is based on human engineering principles. However, the
principles of their function and goal achievement can be similar (McFarland, 1993;

Bosser, 1993).
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or Goal with Goal Controller
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Feedback

Figure 2.2Goal directed Behaviour

2.9.3 Cost of Behaviour

The decision making leveh animals can be defined in terms of cost functions and
utility behaviours- the microeconomic level. Cost functions and utility behaviour in
animals operate in such a way that a utility (for example,gghds maximized or
minimized. Let us consider aexample as brick laying robot. Initially the robot has
stored some sort of energy. The building a bricks is an energy consuming process. The
robot monitors its energy level and recharges its energy level when low. This principle
relies on some boundary atition and the same is true for animals. The boundary or
hunger condition can be varied and sometimes the variable must be nearer the risk of
death. It is dangerous to allow hunger condition level if the food supply is not
guaranteed (McFarland, 1993; Bess1993). There are three aspects for calculating a

cost.

Cost of being in a particular state,

Cost to performing an activity;

Cost of changing the activity.
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The combination of physiological and perceptual state of the animal can be represented
asamowwrati onal state. It includes the ani
behaviour. The motivation of an animal depends on the physiological state (ecological
properties) and perception of the external world, as well as the consequence of its
current kehaviour. Cost can be measured by considering the fitness of an animal over a
period of time, where fitness is defined in terms of future expected reproductive success
after this period. The cost function deals with real risks, real costs and the bdimefits.
utility function is the inverse function of the goal function in ethology. Animal

behaviour is rational and behaves optimally with respect to this utility.

2.9.4 Decision Variables

A decisionmaking of a person, animal or robot can be described as aityastinereby
decision variables are compared to decision boundaries. From the economic point of
view, the decisiommaking unit is the cost or performance. Decisioaking with
respect to use of a cost and utility function depends on given thresholdspmecisi

variables and decision boundaries.

Cognitive modelling designs implementation mainly based on the analogies between
animals and products. The product may be food, benefit (goal) and physiological aspect.
We can also analyse life cycle of the product kfiedcycle of the animal. A decision of

a robot, a person or animal is simply the process by which the decision variables are

changed.
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2.10 Animal and Finite-state automata

A finite state automation behaves like a simple mathematical animal, that can be
regarckd as a discretdime system with finite input and output sets. This responds to

only a finite number of different stimuli (the input set or alphabet) and output alphabets.
Automata theory is applied in mathematics and computer science. Automata theory
applied to animal behaviour uses both neural networks and learning machines

(McFarland, 1993; Bosser, 1993).

2.11 Learning in Animals

Learning is a part of development. It is a result of adaptation to accidental or uncertain
circumstance. When an animal learmyisonmental situations, it undergoes permanent
change. We expect that learning should, in general, bring beneficial results. Animal

learning is similar to reinforcement learning in machine learning or robotics.

2.12 Summary

This chapter introduces the conceyt mind and its relationship with the field of

cognitive science. This chapter gives reasons for the simulation and the different
approaches and principles of artificial minds. Several researchers give different
definitions for mind. For example, Minskyagues t hat fAminds ar e
or functioning of the brain. Franklin (1995) argues that mind is a mechanism of the
brain. The principles of artificial minds such as cost function, goal directed behaviour,

decision making, and learning are oduced.
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McFarland (1993) and Bosser (1993) argue that behaviour in animals can be described
in terms of cost function and utilityMoney or energy is spent in such a way that utility

can be maximized or minimized. The animals cost function and utilitpvi@lr can

also be described at the microeconomic level. They argue that animal behaviour is a
tradeoff between the native courses of action. The animals will engage with the
activities to optimize its pattern of behaviour with respect to the use ofyeaedgtime.

The decisiormaking action always follows the microeconomic level of cost and utility

function.
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Chapter 3 Cognitive Architectures

3.1 Introduction

Cognitive architecture refers to the design and organization of mind, and provides the
means for the integtian of cognitive abilities (Langley, 1994). Young (2001) defines a
cognitive architecture as an embodiment of the scientific hypothesis of human and
nonhuman cognition. Different types of cognitive architectures can be designed,
implemented and applied tarious tasks. Cognitive architectures are designed to be
capable of performing certain behaviours and functions based on our understanding of
human and nonhuman minds. Important issues in developing cognitive architectures
include task effectiveness, daachievement, and the ability to perform well in novel

situations.

The evaluation of cognitive architectures has always been challenging. Several common
concepts and different methodologies have been applied on developing new
architectures. There are maayamples of developed cognitive architectures developed

for different purpose. Different cognitive architectures and paradigms can be said to be

modelling different aspects of cognitipdifferentaims, with different metaphors, and
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from different contexd. To develop a better and sophisticated cognitive architecture,
researchers need to understand: (1) the sufficient description of theoretical, design and
implementation level of different architectures and; (2) the missing, common and

generalised factorsf relevant cognitive architectures.

This chapter discusses case study on different types of cognitive architectures, with a
specific focus on developing and extending a new cognitive model, for simulating
artificial minds using principles from the studf animal cognition. Those relevant to

this research include general overview of cognitive architecture (Neumann, 1946),
ACT-R (Anderson, 1993), SOARNgwell, 19909, CRIBB (Bartsch and Wellman,
1989), EMONE (Singh, 2005), CogAff (Sloman, 2001) and CAMALa{Bs, 2002).

The newy developingSociety of Mind Cognitive Architecture (SMCA) extends the
CAMAL cognitive architecture with extra processing layers and a distributed model of

mind.

3.2 General Overview of Cognitive architecture

Cognitive architectures agmung branch of science, but somiethe architectures and
theories areld. For example the ancient Greeks and philosophers, like Aristotle in the
5th century BC, invented syllogistic logic, the first formal deductive reasoning system
(Buchanan, 2002)Bascally, theories of cognitive architectures are divided into two
classes. (1) First class, the computer is used to model a class of cognitive architecture
similar to and inspired by the structure of human knowledge; (2) Second class of
cognitive architectue is based on information processing theory. The information can

be processed in a sequence of stages from an input to encoding the memory, storage,

retrieval, and output.
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A general overview of the basic Neumann cognitive arctiteds shown in the Figar

3.1 (Neumann, 1946). The first layer receives incoming signals as physical signals
through perception. The storage of data, controlling, retrieving, and processing is
performed in the next layer. Knowledge can be represented, for example, through the
use of production systems using well defined principles for knowledge description.
Production systems consist of a set of rules and special class dfasgd system,
whose architecture is restricted to fit assumptions about mental structure. In GPS
(GeneralProblem Solver) (Newell, 1957) production systems are used to represent
information in memory and reasoning strategies are used. Production systems are a
fundamental concept for representation in much cognitive architecture. The regulatory
system works asontroller for the application of these set of rules. The processed data

can be stored in working memory, and passed into permanent memory.

Pure cognitive
, Output
Physical system
onals movement
slgha and sound
Memory -langauge-

process-thought

a

Regulatory
system

Figure 3.1  Overview of a Cognitive Architecture.

The computational theory of mind claims that mirgl like computer, and some
functional equivalence to Turing machines. Pylyshyn (1999) suggested that, the task of
cognitive science is to give details about mental computation mechanisms, and to

determine the kind of computer human mind belongs. The cegritience determines
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the cognitive architecture of mind. Cognitive architectures are analogous to computer

architectures, and have similar parts.

3.3 Adaptive Control of Thought Rational (ACFR)

ACT-R stands for Adaptive Control of Thought Rational, or aHhévely Atomic
Components of Thought Rational (Anderson, 1976; Ritter and Shiskowskia, 2003).
ACT-R i1 s a combi ned product of Ander son(
declarative memoiAnderson and Bower1973, and production system based on

Ne we mbddél@973b).The ACTFR t heory was presented in

Architecture of Cognitiono.

Psychological experiments

Y

Human Cognition

ACT-R Assumption on
particular

ACT-R MODEL

Figure 3.2 ACT- R Structure
Researchers working on AGH strive to understand how people organize knowledge,

represent and produce intelligebehaviour. This is called as Hum&omputer
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Interface (HCI).The embodiment of human cognition factors are modetiedHuman
Computerinterface. HC! includes the human behaviour, and the hidden statéscbeh

the result.HCI combines the advanced worktlviperceptual recognition, machine
learning, affective computing, computational modelling, &any researchers in the
area of HCI are working on cognitive architectireor example, ACIR and SOAR

are the cognitive architectures which are used to imgh¢more dynamic and complex

HCI problems(Duric and Gray, 2002)HCI is not just concern witlh e deSigning
regular interfaces. Some applications require interfaces which give a virtual human feel
on interacting with those machines. This implies thaerfates must exhibit the
intelligence, which is built into the applications. For example, an airline company wants
to employ a pilot, to test his ability. He can not use a real aircraft. The poor performance
can result into fatal accidents and it is algwyvexpensive to use real aircraft. In this
scenario, the pilot is trained with a simulated application. The designed interface gives a
feel of real world environment. Here the interface works like an experienced pilot, and it
generates situations througimulations where the pilot has to make decisions (Byrne,

2005).

ACT-R is designed for modelling individual experiments. ARTis the most popular
cognitive archtecture. The popularity is due to ACGR being theoretically well
grounded, and thigs allowed researchers to produce various cogaith e n o me na 6 s
ACT iR (Figure 3.2 model can be developed based on the results of experiments done

by psychologists on human cognition.

ACT -R has a complex cognition structure. A fundamental characteristic ofRAGT

that uses a production system theory. Production system theory uses a production rules

YHCI'i HumanComputer Interface o5



for representing human knowledge. The basic premise of-RG3J a cognitive task.

The cognitive tasks are achieved by combining production rules and applying on
memay (Anderson, 1993; Budiu, 1998).There are two different categories otdéomy
memories: (1) procedural and (2) declarative memory. The procedural memory stored
with human knowl edge. For example, the Kk
car, speakenglish, etc. The declarative knowledge is represented in the RA@ihits

called chunks. The chunk encodes the information. Each chunk consists of several slots

or variables.

The ACT-R designers suggested that, average slot should consist of three stofeur

and one must have an ISA slot. The ISA slot determines the ontological type of a chunk
token corresponds. For example, john841
argues that chunk should not have more than seven slots. It can be plumsi®two

slots (Miller, 1956). Chunks have primarily two sources: (1) perceived objects in the
environment; and (2) recorded solutions for the previously solved problems. The
production rules specify when and how to retrieve the chunks to solve a problams.
ISA value of chunk plays an important role, such as matching the conditions in the
production. The new production rules can be generating from chunks in memory called
production compilation processes. The chunks are represented as follows -[Chunk
Name: ISA Chunk type; slotdabel slottvalue; etc]. For example, Fact 2 * 3 = 6,
knowledge can be encoded as follows [Fact 2 * 3; multipliceeot; multiplicand1

two; multiplicand?2 three; product six].

ACT-R is applied on wide range of human cognitive taslduding knowledge
compilation, problem solving, education, controlling of perceptions, etc. For example,
solving Hanoi puzzle (tower of Hanoi), learning by analogy, language comprehension,

aircraft controlling, etc. ACIR system controls a mobile robtiat interacts with
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human in building an environments, and obstacles. -RCallows much simpler
programs for rapid construction of intelligent systems (Trafton, 2005). There are more
than five hundred different scientific publications are published oneabpplications.
ACT-R has undergone different versions. ART4.0 is the first version, AGR 5.0

and ACTR/PM (Byrne and Anderson, 2001) are the next versions. As this research
continues, ACTR evolves closer to the system that cangrerfa full range ohuman
taskslike memory, learning, probm solving, and decision makingnglly capturing in

great detail how we perceive, think about, and act on the world(Anderson, 1996;

Anderson, John, Just, Carpenter, Kieras and Meyer, 1995; Rulfegtm, 2004).

Despite this, ACIR has some errors and limitations: (1) ABTneed to update
millions of chunks for each execution cycle or fire (chunk problem); and (2)-RCT
productions fire s#al, and it requires minimurfifty milliseconds for each fire. So, it
takeshour 6s together to complete the firing
knowledge base (execution delay). A&Thas certain limitations (Hochstein, 2002): (1)

the basic ACTIR model is not very much applicable to HCI, but enhancements like
ACT-R/PM addresses this issues. (2) ARTs not sophisticated for larger problems; it

is only wseful for small set of applicatiorilochstein (2002).

3.4 State Operator And Result (SOAR)

SOAR cognitive architecture is based on the computational theory of hwogaitian.

This architecture follows the multiple constraints and computational theories of mind
(Anderson and Lebiere, 1998; Newell, 1990). SOAR was introduced by Allen Newell
and two of his graduate students, John Laird and Paul Rosenbloom, in 1980I,(Newel

1957). SOAR addresses sufficient description of theoretical, design, functional and
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implementation issues of human minds. SOAR is well organized to produce a general
intelligence. SOAR is considered as a symbolic artificial intelligence mechanism for
understanding and simulating human mind. SOAR uses physical symbol system
hypothesis for the best way to implement flexible and intelligaghaviours by
manipulating ad composing symbols. In parall@ ACT-R, Newell developed SOAR

to handle full rangefchuman capabilities. The views of SOAR cognition are tied with
psychol ogi cal t heory, and it i's express
(Newell, 1990). SOAR as a cognitive architecture specify fixed set of a process,
memory and control structur80OAR cognitive model exhibits flexible and goal driven

behaviour The knowledge of #tnmodel is continuously enhandeyllearning.

SOAR cognitive architecture is an example of software as theoremadels of mind
unification. In this theorem, cognitiveapabilities like (1) stimulus and response
(perception); (2) memory and learning; (3) problem solving; and (4) language
capabilities ar e uni fi ed. Newel | (1990)
extension of a singl e pihecoe earfdo . A sAo futnw a ri ee
unify the existing understandings of cognitions. There are different reasons for unifying
the theories of cognition. Combining a few cognitions through unification may leads to
required behaviour. Unification is an aim dfet science to demonstrate cognitive
capabilities. The major areas covered by unified theory of dognatre given below:
perception, memory, problem solvingdecision making, routine actioriearning,
language, motivations, emotion, motoehaviour, imagig, and dreamingNewell,

1990).

As Figure 3.3depicts, SOAR is classified into two types of memory: (1) long term
memory or procedural memory or production memory; and (2) srontor declarative

memory. SOAR's | ong term memor yystensthebrg slek the n p
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productions are stored. SOARs

knowl edge of the environm

in production rules, and stored in a production memory.

Decision
Procedure

Rule
Matcher

GUI
éé

Perception

—
< Action

Long Term Procedural
Memory
Production Rules
ceec
eeeet

L1

Declarative memory
Working Memory

5

Figure 3.3  Production Rules inGAR

The productions are in the form of IFfeendition> THEN <action> format. These are

fine grained and independent in nature. The working memory is loaded with initial state

and the operators that are desired for the current state. The control process updates the

content of the working memory byrifig and matching a production from the search

space by using the appropriate operator. This takes the working memory to the next

state where the next matching productions are fired and this process continues until the

goal state is reached or there aremaiching productions available in the search space.

The mapping of a production in SOAR model takes approximately I0mesSOAR s

productions have a set of conditions, which are patterns for matching working memory,

and actions to perform when productibres. The actions are elements of working

memory. The elements aeeset of attribute value pairs of an object. The object has

goal, state, operator and problem space. SOARal®&o phasedecision cycle.
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Input Elobrate Propose Compose Select Apply Output
state Operator operator operator Operator

Figure 3.4 SOARO Becision Cycle

SOARD glecision cycle impasses are repeated until the goal is reached. 6SOAR

deci sion phase has four I mpasses: (1) nt
equal prefexcbdaoge ( MMpadia®o, whe)y e naonfrl
i mpasseaso,t heree i s two or more preferenc

wherea preference in working memoryrigjected. These four impasses are done with
SOARD sxecution cycle. The execution cycle (Figure 3.4) consists of seven operations
for pattern mathing: input, elaborate state, propose operators, compare operator,

selecting an operator, applying an operator, and output.

For exampl e, to stop a <car the operator
operator: If (colour, red) then propose to step; @and (2) apply operator: If operator
proposed to stop car, then stop car. SOAR has aibu#arning mechanism called
chunking (Waldrop, 1988). This mechanism is udmgto createa new productiory

storingan output of impasses obtained from tiecision cycle. For example, during a
decision cycle, SOAR does not understand which operator to select. Then it creates a
subgoal to choose an operator. Once,-gobl selects the operator, the gdal ges

away. Thisgoalis stored ima chunk The nextime, if the SOAR faces a same problem,

the same stored chunk is executed instead-sblkeng a problem.

SOAR adoptghe problem space hypothesis to search in right direction that converges
to the goal state by adopting the strategies of (i) knowlattigasive processing and (ii)
knowledgelean processing (Newell, 1990). The process of problem solving is a step by

step procedure. For each step an appropriate operator must be selected. In the
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recognition phase all the productions that match the workinganecontent are fired

by selecting the operators. In each step there may be many operators desired for the
current state. In a decision phase the operators are sortgutefecencesAmong these
preferenceshe best operator must be selected. This leatise goal state. Their may be

possible that, two operators can be lead to the goal state.

There may not be any operators that can be selected, in which case the system is not
defined with what to do next. This state is called asrgrasseEach time a impasse is

arising the SOAR sets a sub goal to overcome the current impasse. The decision

process sets another problem space by saving the current content of the working

memory. This leads to the cascade of sub gdaBAR continuously stores new

knowledge in a long term memory based on the experienced learning mechanism.

The learningtechnique adopteth SOAR s called aschunking.Learningaddsa new
productionto thelong term memory iranelaboration phasé\ chunk is aby-productof

an impasseAll the productions are firadl. The operators applied tovercome an
impasse are stored as a single entity callecchaunk This can beadded to the
procedural memory by creating an indé&Xhunking mechanism has two important

functional properties:

(1) Firstly, it provides a solution to the knowledgelexing problemand(2) secadly,

chunking can bapplied forall kinds of impasses.

The problem swing activity under impasses amdaced in achunked production.
Consider an example efhere@bjectDis alarge and readolour. This information can

be stored in a data chunk. This can be able to récallb j e alardeand esedcolour.

The trick formethod of €arning the recall rule is called as data chunking (Anderson and
Lebiere, 1998; Newell, 1990). €helaboration phase adds special information for the

next action. This is called as preference. The preferences allow the architecture to
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specify an action that could be taken, and action actually taking. The preference always
refers to a adopting some paular object in some position in a context stack, and takes
one of the following values: (1) acceptable; (2) reject; (3) relative preference; (4)
absolute prefrence and (5) indifferent. SOABecision cycle impasses are repeated

until the goal is reached

SOAR decision phase has fAscanarioinmwpich thereis :  (
a collection of operators, which are desired and can not be discrimiRateeixample,

the scenario of two or more elements haveyual preferenae ( 2-than@ n o
impasse , a scenario in which there are no a
which can be applied for the current stdteren o r ul es mat ch ; ( 3)

a situation where the decisions that can be made in the current statetaadicting

with each otherTher e are two or more prefera&nces
scenario in which the only preference is to backtrack by rejecting the previously made
decision Preferences in working memory aiejected. These four impses are done

with SOAR execution cycle. These are chosen between multiple rules.

Research into SOAR is still continuing, and researchers are adding new mechanisms
(Figure 3.5) for SOAR to solve difficult problems. For example, reinforcement learning.
SOAR has successfully mimicked other expert systems, such as Neomycin and
Designer (Franklin 1995), RobeSOAR (Laird et al., 189), etc. Some versions of
SOAR hawe been developed within the SOAIRChitecture including a problem solving

sentence processingcdiNewell, 1990).
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The development of competency in reasoning about mental states has been studied

intensively tihmotlheofi enliddof

€RI BB archi

about Intentions, Beliefs and Behaviour) (Bartsch and Wellman, 1989) is a cognitive

model that simulates the knowledge and inference processes of a competent child

solving theory of mind problems. THeRIBB model was designed to investigate the

belief-desire reasoning model in young chdd (Wahl and Spada, 2000).

Dennett (1978) explainedstory alout maxi and his chocolate in front of the group of

c hi

drenods.

The

boy

n atma Olueco@ Board. patet, kis a

mother puts the chocolate into green cupboard while maxi is not present. When maxi

returns, t he

c hi

drenods

c hi

drenos
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The age group iin between four to six vy

correctly.

The CRBB architectureFigure 3.6consists of representations (rectangular boxes),
inference schemata (ellipse) and a consistency mecharfike CRIBB simulation
starts by giving propositions as an input. This proposition contains the children

information received during the experimenting.

Representationsdctangular boxes in Figure 3fall into two main categories: primary

and secondary epr esent ati ons. Primary represent
about the situation and, behaviour of person and the others facts about a physical world
(Wahl and Spada, 2000). The secondary representations are the systems beliefs about
mental state . This includes another personds p
mo d e | states that a personds actions <can

beliefs can be derived from perceptions and previously held beliefs.

CRIBB is given a propagon; a belief is inferred from it. The consistency of the belief

is checked with the existing set of beliefs, and if no contradiction is found, then added to
the belief set. The consistency mechanism detects and resolves contradictions in the
sy st elefcet. Aty deliefs deemed to be false become secondary representations
(Davis and Lewis, 2003; Lewis 2004). Beliefs can be derived from perceptions and
previously held beliefs. The CRIBB is given a proposition; a belief is inferred from it.
The consistecy of the belief is checked with the existing set of beliefs (Davis and

Lewis, 2003). If no contradiction is found, and then it has added to the belief set. For
example,The CRIBB BD-I mechanism can be seen at the deliberative level. P, B, D

andlareramed as sets. The mini mal Al ogi co sy
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wellman 1989; Wahl and Spada, 2000) with reasoning over perceptions (P), beliefs (B),

desires (D) and intentions (1) as follows:

P:={r, s, q, p}
B:={Cp}
P®pB —B

B "=1{r, s, q,p} %thesetB' containsthe updatedperceptiorof p resultsn the

retractiono f p. C
B'® D~ D'

D'® | > |

Where B is the existing belief set and P is the perception set, and where the new set

Bocontains the systemdés new belief set wi
and Lewis, 2003). D is the desire set, and the new sebilainst he syst emos

desire set. | is the intention and id the new intention set. The inference schemata

(ellipses in Figure 3.6) are based on the baledire reasoning scheme, while
perceptiorbelief inferences represent knowledge about the relatipndetween
perception and belief. If a person perceives X, then the person believes-Kniéaahd
belief-time inferences deal with facts and beliefs along a time scale. If a fact/belief is

true at t1, then that fact/belief is also true at t2, unlese tharew information.

Wa h | and Spada (2000) cl ai med t hat CRI

commonsensschemata that is essential for solving experimental tasks. For example, a
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person searching a specific location of object or an item; and the schaeserdgs that

object or item can not be in two places. This example needs commonsense to reason.

/ ; Secondary
Perception .
of other persons Representations

Perception-Belief~
Inferences Belief-Time-
Inferences

Beliefs
Own false | | True and false beliefs Intentions
beliefs of other persons of other persons

Lot Practical
onsistenc Syllogisms
Mechanism

Fact-Time- Primary :
Inferences Representations

Behaviour
of other persons

Physical world

Figure 3.6 CRIBB Architecture

Lewis claims that CRIBB can be extended by performing different models of emotions
(Davis and Lewis, 2004). AffectivERIBB is Lewis (20@) extended CRIBB model.

The main purpose of the Affecti@RIBB model is to extend affective capabilities by
including emotion as an essential part of CRIBB. According to Lewis (2003); emotion
plays a fundamental role in variety of cognitive tasks, s@cpeaception, learning and
decision making. Lewis (2003) introduced affective affordances into the perception
mechani sms by extending Gi bsonés (1986)
defines affordance i s s ometadndthegnimahima r e
way to existing term does. It implies that complementary of the animal and the

environment 0.
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As defined above Gibsonds (1986), af ford
fact of the observer in the environment. Gibson, claithed affordance is something,

that does not change when the need of observer changes. If the object is believed to be
in the same place at the time intervalCRIBB helps to resolve this contradiction by
maintaining a consistent belief set. CRIBB willeate an affective correspondence
(ACorr) value for each belief. This belief may be either true or false. ACorr value is
attached for the each originated belief. If there is any contradiction, then it can be
compared with the existing belief set. The minlimafi | ogi ¢ 0 s y-GRIBBI mo d
(Bartsch and Wellman 1989; Wahl and Spada, 2000; Davis and Lewis, 2004) with
reasoning over perceptions (P), beliefs (B), desires (D), intentions (I) and Affect (A) as

follows:

P:={rs,q,p}

A: = {importance high, p),importance lpw, r), importancelow,Cp) } % Fr om

Affect model
B:={Cp}
A® Pp—> AP
AP ={p,s,q, }

AP ® B — B'

B"={p,s, q,r}

ACorr value used in ACRIBB model are consist of dynamic values, dnat can be
increased or decreased according to given belief set either true or false. The affective
response is linked to the drives of the systerCRABB model is based on the goal

oriented theories of emotion. This incorporates goal base, goal drian goal
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achievement mechanisms. The goal achievement mechanism is a feedback for the sub
system of ACRIBB. A-CRIBB model consists of central monitoring system. This is
responsible for communication between the-sytems, and controlling the semantic
messages. According to Lewis (2003);CRIBB model has certain limitations: (1)
central monitoring system is not complete; and (2) the goal achievement with ACorr

value is limited.

3.6 Cognition and Affect architecture (CogAff)

CogAff is a generic cognitive ehitecture, and introduced by Sloman (2001). The main

aim of the cognition and affect architecture is to understand the different types of
architectures based on human and nonhuman (minds) mental states, such as intelligent
capabilities, moods, emotionsellefs, thoughts, and desires (Sloman, 2002). The
Cognition and Affect project is concerned with understanding mechanisms of emotions,

and to fit for cognitive models.

According to Sloman, the o6lntelligesnced
with cluster of capabilities and no sharp boundaries. For example, animals (perhaps
insect$ consist of complex capabilities. Sloman argues that insect follows completely
complex reactive mechanisnSimilarly an organism likea robot follows reactive or
reactive with global alarm systems. Sloman claims that animals, humans and others
have deliberative mechanisms. Because their capabilities are enormously rich. They can

answer the questions | ike Awhat would haj

The gAff architecture was designed to provide a framework for describing different
kinds of architectures. Sloman mainly classified CogAff architecture into two divisions:

(1) CogAff and (2) HCogAff. The CogAff specifies the broader outer line of variety of
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organisms or robots or machines functional roles and mechanisr@ogAff
architecture is specific to human minds. CogAff is an abstract architecture that accepts
perceptual information, processes, and action outputs in the environment. It is based on
three-column architecture of perception, central processing and actiogAfiC
architecture (Figure 3)7 consists of three main layers: (1) reactive mechanisms; (2)
deliberative reasoning and; (3) metenagement. These layers supports for different

classes bemotions found in humans, animals and others.

|perception META-MANAGEMENT [ | action
hierarchy (reflective) fersonae hierarchy
ey
processes \

) ~

T A oo

T \ term

., \ associative ~

- ELIBERATIVE PROCESSES memory

{Planning, deciding,
N What if' reasoning) Motive

A A activation
Variable A&‘ /(’?P

threshold

attention

filters

ALARM

|HEACTIVE PROCESSES

‘E\D O\_J 7

THE ENVIRONMENT

{7

Figure 3.7 CogAff architecture from (Sloman, 2001,

2002).

These layers consist of primary and secondary emotions. The reacavelédgcts the
objects in environment, executes, and then determines how to react. This layer interacts
with the internal, external conditions. Then it produces internal or external state
changes. The reactive system is very complex and powerful. Thisnlegds to store all

the mechanisms of particulaimd. For example, reactive childréke behaviours.
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Reactive layer includes a global alarm mechanism, which belongs to primary emotions.
The deliberative layer supports for secondary emotions. Secorefaofions are

semantically rich emotions.

This layer is responsible for perception, planning, evaluation, allocation of resources,
and decision making. This layer can learn the generalizations, and pass to the other
layers. The metamanagement layer or otfle layer supervises, and controls the other
layers of architecture, more efficiently. Sloman describes that; this layer can support and
control the thoughts. For example, human emotions such as infatuation, humiliation,
thrill etc. According to Slomar2001), dividing the layers is left to the researchers. For
example, Minsky (2001) divided metamangement layers into separate layers, and Davis

(1996) separated reflexes from the reactive layer (Sloman, 2001).

3.7 EM-ONE

EM-ONE architecture originated from Mav i n Mi nskyos iemot
architecture (Minsky, 2002 EM-ONE architecture waproposed byMinsky and his

student Singh @05), from MIT media labAccording to Singh, EMONE architecture

is an example for its predecessors Minsky and Sloman, an@ thencalled Minsky

Sloman Architecture. Main goal of ERANE cognitive architecture is to support
humanlevel intelligence in systems. According to Singh his architecture refers to the

Astructure and arrangement of commonsens:

EM-ONE architecture for commonsense computing, that is capable of reflective
reasoning about situations involving physical, social, and mental dimensior©ONEVI
architecture involves compl ex i nteracti

physical, socialand mental dimensions.
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As Figure 3.&8lepicts, table building environment is an example for Al architecture, and
uses artificial environment called Roboverse. This is simulated world with rigid body
physics, and populated by several actors. These actoga@ed by EMONE cognitive
architecture. These actors work together to build a tables and chairs, by using simple
and modular components like sticks and boards. Components are looks like small toys,
and they can attach one other with their corner adgants. The actors are simulated
robots, and possess a perceptual system to take physical actions. They are roughly looks
like a human like shape, with a single arm. The hands can be turned off and on. These
hands will act like magnets by attracting thearer objects. Singh demonstrated the
commonsense mechanism, using as an illustratienbtiiding a table (Figure 3.8n

Roboverse.

Green (left side) wants to build a table; Green watches there is any partly built table to
attach more legs to completdable building. Green moves and grabs a stick, and then
moves nearest to the table. Green tries to build a table by using its single arm. It tries to
match and attach the table legs, but it fails. Green immediately realizes it needs help.
Afterwards, Gree calls the Pink. Until that, Pink has been involved with its own
project, and has not been paying attention towards Green. The Pink looks over a Green,
and realizes Green is trying to disassemble the partially built table. Pink comes nearer,
and removeshe one of the table leg. Green realizes Pink does not understand the
intention of Green, and then complains. Green realizes Pink, did not see Green attaching
a stick. Afterwards, Green again tries to attach a stick to the partly built table. This time,
thePi nk watches the construction. Pink rea
a table, rather disassemble the table. Green expects help from the Pink. Green expects
Pink to hold a table, so that Green can attach a table leg. Pink holds a thidecan

inserts the stick. This mechanism proposes a course of action and intentions of other
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actors for reflecting upon repairing mistaken errors. It shows the aspects of physical,

social, and mental actions.

Figure3.8 Si ngho6és Tabl e Building

EM-ONE arditecture was proposed and desd for six layers (Figure 3.9but was
implemented for the first three layers. Each of the layers is represented by terms called
mental critics. The mental critics are encoded in the form of fiaesed knowledge,
and supprt a description of connected actors (two woodenaneed robots) with
actions, situations, events (moving, picking, attaching), objects (table sticks), and their

properties.

Singh considered each layer as mental critics: (1) reactive critics; (2)rd8libecritics;
and (3) reflective critics. The reactive critics interact with the environment. The
del i berative criticos reasons about t he

Deliberative critics interact and coordinate with actors, and object®irrthironment
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from, deliberative actions. For example, knowing the exact positions, picking the right

object, connecting the exact position or edge, and so on. The reflective critics asses the

effectiveness of deliberative layer. The reflective layer isdufor correcting the

incorrect predicted actions. The sedflection, selconscious, and seiflea critics are

self reflection layers. According to Singh, E®ONE architecture has metaanagerial

critics. This has been supported with H4epel critics. h, EM-ONE architecture has a

great flexibility for critics to activate. The central idea of having critggdtor model is

that, when the system encounters a problem, it brings knowledge of reasoning.

-
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Singh (2005) describes, metacritics are concerned with coordinating the activities of a

| ayers of ment al
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cycle is the time between a after sensing the world, and befong tak action. This

will decide which subset of mental critics should be active in the present time. Singh
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states that EMONE architecture is a product of his own style of thinking. He had a plan
to extend this architecture with mateetamangement. He amg with his EMONE
example, metamangement is a higher order of thinking that could be used for guiding

deliberation and reflection (Singh, 2005).

3.8 CAMAL

CAMAL (Computational Architectures for Motivation, Affect & Learning) architecture

was proposed by Dawi(2002, 2004, 2005, and 2006) from the University of Hull.
CAMAL is a theoretical framework developed from Guardian (Hdyeth, 1993),
Cogaffods (Sl oman, 2001) three €onkACGin, t h
Cycles mechanism, CRIBB (Wahl & Spa 2000) , &ONE (Sisgh angl h 6 s
Minsky, 2005) commonsendgeme based architectures. The purpose of CAMAL is

used to simulate artificial minds.

CAMAL cognitive architecture attempting to demonstrate some theoretical; and design
issues associatewith, linking perception and action through motivation and affect
mechanism. CAMAL uses different testbeds and physical environments for
demonstration. Presently using testbeds are-dside football; tileworlds; fungus
world; and physical environmentiké RobotCAMAL for control of multiple reactive
architectures. Some of the experiments are still under investigations ,(R@0ig).As
Figure 310 depicts CAMAL has four tier and five column architecture. This provides a
basic template for all explanati®iiDavis, 2007). Cognition tasks involve the control of
external and internal behaviour of the environment. The control of behaviour, for further
of its goals. Affect mechanism in CAMAL uses BDI models for adaptive decision

making across the architecturBDI (Beliefs, Desires Intentions) are the mental
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components present in rational agent architectures (Bratman, 1987; Cohen 1990; Rao
and Georgeff, 1993).CAMAL (Davis, 2002) uses a logical model of reasoning based on
Beliefs, Desires, Intentions that mirraitsee motivation and learning. The BDI model
intentions are adopted plans or strategies for achieving desires. The adoption of specific

plans converts desires into achieved intended desires.

Lewis (Davis and Lewis, 2003) research on AHERIBB distinguisied affect as
emotion in terms of their magnitude and type. Emotion is a kind of Affect. The
emotions are anger, joy, intelligence, etcCRIBB theory affect mechanism uses

control states and motivators and affordances.

PERCEPTION  AFFECT MoTivaATION  COGNITION ACTION

REFLECTIVE PROCESSES ~
i'\ METACONTROL AND METACOGNITION D

MOTIVATOR BLACKBOARD
&
K I .
- - v -- -
C | ¢ ol 2
t {]
I i

1]

L

Figure 3.10 CAMAL Architecture.
As discussed in section 3.5, CRIBB (Wahl and Spada, 2000) model uses BDI models
for representing reasoning capabilities of five year old child. This model has been

extended with an affordance affect to map onto motivational structures (dis¢ussed

section 3.5).The CAMAL agent navigates around the environment, recognizes the
45



actors or objects. This follows some of the cognitive capabilities like, perception,
problem solving and reasoning. Action means recognizing the object and navigating
around he environment (Davies, 2005). CAMAL architecture has explored to adopt
affect and learning models over the affect model. This affect magnitude is useful for
Afitness functiono. The investigation of
bring beneficial results. The CAMAL principles are under investigation, throagh
satellite project; and a metacontrol and metacognition mechanism on extended CAMAL
with extra processing layers, for distributed model of mind. This extended architecture

is discusse separately in chapter 6.

3.9 Comparison of cognitive architectures

Cognitive architectures can be assessed in terms of their ability and efficiency to
support the construction of models and simulationsoghttion tasks. The comparison
Table 31 given belowexplains the different types of cognitive models, their purposes,
and skills used to develop a cognitive architecture. A&Zand SOAR are well known

and very old cognitive architectures. ARTand SOAR are very popular and contains
many users. Populariig due to their flexibility for researchers to expand for different

useful applications.

ACT-R and SOAR incorporate aspects of hurilke reasoning and specific problem
solving capabilities. ACIR is an example of a moderately specified architecture, in
which one can build such simulation models. There are some features that are important
in the study of complex tasks that AT is not welladapted to model. AGR has

certain errors in chunks management, and time delay in execution. According Wahl and

Spada2000), the CRIBB can be4implemented by using general architecture of ACT
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R, and i s usef ul Some of the theoretic

schema is directly correspondence with ARTThe operational resources of a child

can be exmssed with source activation (production rules) in AT

Cognitive model Refrence Mechanism Purpose
ACT-R Anderson(1976) Production systems To demonstrate
and understand
human Skills
SOAR Newell(1980) Production systems | learning, reasoning,
and Chunking decision making.
mechanisms (Human level )
EM-ONE Singh(2005) Encoded in the Commonsense
form of Frames (6 thinking and
layers) Reflective
reasoning.
CRIBB Wahl and Spada Belief, Desire, Reasons like a 5
(2000) Intentions(BDI)(By year old child
using Primary and
Secondary
representations)
CogAff Sloman Reactive, Generic purpose
(2001- Ongoing) Deliberative (Human, animals
Reasoning and &machine minds)
Meta -management
A-CRIBB Davis and Lewis Belief, Desire, Updating CRIBB
(2004) | ntentions(BDI), values, through
and Affect(Acorr) consistency
value mechanism
CAMAL Davis Belief, Desire, Artificial minds
(2002 & Ongoing) Intentions(BDI)
Models for
reasoning
SMCA Vijayakumar and Metacontrol and Artificial minds

Davis Metacognition on | (Extending CAMAL)
(2007) BDI models
Table3.1 Cognitive model 6s

Compar

Singh (2005) argues that SOAR addresses orthogonal systems, because SOAR is a rule

based system. EMDNE is built by using rules. Singh {@5), claims that it is not a

difficult to implement version of EMONE using SOAR as a substrate. In, SOAR
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Afarchitectureo r ef emecharisms. FEM@®ONENarchiteotwren s e
refers to the fAstructure and ampnmnoKgsmMersl
This discussion, reviewed different researchers views on cognitive architectures aims,
representations, principles, working mechanisms, common factors, generalised factors,

missing factors, limitations, problems, advantages and disadvantages.

This Chapter gives clear idea for developing new cognitive architecture. The extended
CAMAL cognitive architecture with processing layers and distributed model of mind or
ARSoci ety of Mi nd o0 Arghipecturea @MICA) tisodesclilbed andt i v e

explaina in the Chapter six.

3.10 Summary

This chapter summarized models of artificial minds, and different types of cognitive
architectures, with a specific focus on one developing cognitive architecture. Cognitive
architectures discussed include SOARewell, 1990, ACT-R (Anderson, 1993),
CRIBB (Bartsch and Wellman, 1989), E®INE (Singh, 2005), CogAff (Sloman, 2001)

and CAMAL (Davis, 2002). Cognitive architecture refers to the design and organization
of mind, and provides the means for the integration of cognitdiéies. Cognitive
architectures are designed to be capable of performing certain behaviours, and functions
based on our understanding of human and non human minds. Important issues in
developing cognitive architectures include task effectiveness, dgoalvament, and the
ability to perform well in novel situations. AGR and SOAR incorporate aspects of
humans, like reasoning and specific probieoiving capabilities. CogAff is a generic
architecture that includes the different levels of abstraction mahuand nonhuman

minds. The CRIBB model was designed to investigate the hd&fe reasoning model
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in young children. The purpose of CAMAL is used to simulate artificial minds like
ani mal s and ot her r o b o tObBE arc8iiectugehusea rmod Mi

commonsense computing.

This discussion section assessed SOARWell, 1990, ACT-R (Anderson, 1993),
CRIBB (Bartsch and Wellman, 1989), EGINE (Singh, 2005), CogAff (Sloman, 2001)
and CAMAL (Davis, 2002) cognitive models, in terms of their ability, affidiency to

support the construction of models and simulations of cognition tasks.
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Chapter 4 Metacognition

4.1 Introduction

AThe Society of Mind is more than just ¢

for Thinking about Thinkimy ( Si ngh, 2003) .

Metacogniton is a relatively new buzz word in cognitive theory. The study of
metacognition has grown since the 1970s, in educational psychology. The
metacognition concept provides a powerful tool towards developing efficient and
quality computational models. Metagmm i t i on i s often simply d
t hi nki n g&Keil, W99). Metanognition is any knowledge or cognitive process

that refers to monitoring and controlling any aspect of cognition. Adkins (2004) defines
Amet acogni t i obhknawimg, leanning dbountignkiagpbcondrol of learning,
knowi ng about knowing and thinking abou
cannot think about thinking, wi t hout t hi
metacognitive act can be referred ® raetacontrol. Metacognition can be viewed in

two ways: (1) monitoring a group of agents in an intelligent or cognitive or robotic
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architecture (i.e. self reflection) and; (2) making changes by adapting effective

strategies in the group of agents.

4.2 Elements of Metacognition

From one perspective, there are four elements to metacognitdilso & Keil, 1999

Adkins, 2004; Zalta, 2005; Flavel, 1979) (1) metamemory; (2) metacomprension; (3)
metamanagement and (4) schema training. Metamemory is used forg stben
information about a cognitive task. This helps for recalling information in the execution
of cognitive tasks. Flavell and Wellman in 1977 proposed a theory of metamemory to
explain young children's development and application of recall strategiesyolimg
children's failure to apply strategies for recalling information because of their lack of
awareness of "parameters that govern effective recall". Metacomphrension is used for
detecting and rectifying the errors. This helps to improve the perfoen&asearch on
children shows that young learners have a lack of metacomprehension strategies, and
limited opportunities to develop skills. Hence they need remedial action. Self regulation
or metamanagement layer works for rectifying the errors in cognii@sks, and
thoughts are adjusted by giving feedback. The students make correction¥ or se
reflection based otrail and erromethods. Schema training is a meaningful learning for

generating own cadgtive structures or frameworks (Cox, 2004).

4.3 Object-level and Metalevels

Cognitive processes can be split into an oHeetl and a metéevel. The metdevel

contains information for controlling the object level. The information flow from object
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level to metdevel is referred to as the monitoring processssnilarly, flow of

information from metdevel to objectievel is referred to as control processes.

As depicted Figure 4, metalevel or metacognition includes the selection of the
processes, allocation of study time, termination of processes, seleftijprocesses,
execution and memory details etc. Metacognition can be constructed based on problem
solving (e.g. planning) and metacomphrension (e.g. story understanding) processes of
the object |l evel ( Colevel i Widely,usint) BiReSeflected 0 5 ) .

programming.

Object > Meta
Level Level
or
Metacog

Figure 4.1  Cognition to Metacognition

Selfmonitoring metdevel is a component, and it controls and monitors the object
level. This also changes its behaviour if necessary. Mgt is also called as self
monitoring layer. This layer inspects and modifies the-saihitoring metdevel. If M

is a metdevel and P is its objedevel then relationship as follows: (1) M is a program

that interprets P, and it takes P as an argument; (2) P calls M to monitor.t,inspec
modi fvy, correct or i mprove the P. Thi s i
other hand, Cox (1994, 1995, and 2005) and Kennedy (2003) argue their similar views
on metalevel, metacognition and reflective concepts. Kennedy attempted to
differentiate metacognition and reflective terms. Similarly, Davis and Buchanan (1977)

argues that metareasoing and reasoning raises similar confusion between cognition and
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metacognition. Metareasoning is reasoning about the reasoning. The programs need to
reasonabout the functioning part of cognitive processes, and each level of program

execution (Cox 1994, 1995, 2005).

4.4 Execution engine & Expertise model

External Environment
(ATC Testbed)

Middleware layer )
Action

[ Perception ]
Cognitive
Memory }# tasks

L.} Metacognitio n

Execution Engine + Expertise Model

Initialize
Memory

Figure 4.2  Execution engine and Expertise model.

The execution engine and expertise madead metacognition model. Metacognition
layer can be added, from a simple to extige models. As Figure 4depicts, there are

three levels in this model: (1) external environment; (2) shell or middleware layer; and
(3) metacognition. Information can beceived from the external environment through
perception, and can be transferred to memory. The external environment is connected to
the different cognitions like perception, memory, decision making etc. These cognitive

tasks are controlled by metacognitiafhere are three stages in metacognition layer: (1)
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metacognitive knowledge; (2) metacognitive experience; and (3) metacognitive

regulation (Flavel, 1977).

Metacognitive knowledge contains a database of knowing about an environment, the
nature of the tsk, and strategies used for knowing the facts. Metacognitive knowledge
contains three types of knowledge: (1) declarative knowledge; (2) procedural
knowledge; and (3) conditional knowledge (Peirce, 2003).The declarative knowledge is
the actual facts of the nf or mat i on. This contains the
about formula, knowing the facts, places, etc. The procedural knowledge is knowledge
about execution of the given facts. For example, in solving a mathematical problem
procedural knowledge is ed to select which of the available formula in the declarative
knowledge are appropriate to the problem. The conditional knowledge is knowledge
about particular skill and strategy used for conditions. The experience after applying
metacognition to a cogive task is termed as metacognitive experience. Controlling
and monitoring a progress of cognitive task is termed as metacognitive regulation

(Peirce, 2003Wilson & Keil, 1999 Adkins, 2004).

4.5 Generic architecture for Metacognition

Metacognition can be udeas a generic concept for computational theories with respect
to problem solving, reasoning and the decision makihetacognition can be applied

on smple tocomplex cognitive architectures.

As depicted in Figure 4,3 generic architecture for metacdgm consists of three

layers: (1) application layer; (2) metacognition; and (3) metacognition architectures.
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The second layer is called as metacognition consist of three levels: metamemory,
metacomphrension and self regulation. Metamemory stores stateggd for executing

a task. An execution strategy includes execution processes and knowledge about the
environment. Metacomphrension is used for detecting and rectifying the errors. The self
regulation or metamanagement is using for adjusting an emaghits and to give a
feedback. Adding metacognition concept on top of cognitive architectures, improves the
performance. This is similar to updating a systems memory or processor speed of a

computer. The architecture remains same but it shows advancediobehand

functioning.
Application layer
Ex:- Basic CAMAL
||
Metacognition
Metamemory
Metacomprehnsion
l T Metacognition
Self regulation | Architecture
« SMCA
Figure 4.3  Generic Architecture (MiNew Perspective).
4.6 Metacognitive aids or Metacomponents

Metacognitive aids or metacomponents are used for the representation of thoughts.
Metacomponents can be represented withhigle of some aids such as: (1) using an

abstraction, metasyntactic variable (matching variables) or metacomponents and; (2)
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goal setting variables for increasing the performance. Metacomponents affects on the
agent behaviour from a sense of what is impuariastead of what to do. Metacognition
agents will follow well aligned norms, perceptual range, metarules, and learning and
affect values. A well driven agent will maximize its performance as a consequence of
learning to maximize its own reward. These @ke processes involve planning,

evaluating and monitoring the problem solving activities (Zalta, 2005, Adkins, 2004).

The term Anormo is an interdisciplinary
principle or a model used for a right action. Teheecutive processes that controls the

ot her cognitive components are responsib
or set of tasks, and then making sure tt
Norms in society of minds can be guidembntrolled and regulates the proper and
acceptable behaviours. Norms are recent development in cognitive science and artificial
intelligence. The different models can be formed by using multiple norms. Norms can

be used in the social laws, learning ofrme, etc (Livingston, 1997). For example

perceptual range, affect, norms, and higher level rules are metacomponents

4.7 Different Types of Monitoring systems

According to Kennedy (2003) there are three types of monitoring systems: (1) veflecti
rule-based syems; (2) meteognition for plan adoption; and (3) introspective
reasoning. Kennedy defines that AA netwo
but not necessarily reflectiveo (Kennedy
types of reflectiverule based systems. This uses mathematical concepts, and other rules.
The rules are operating on object level andatetel. The metaules are kind of meta

management. The metacognition system monitors and reasons during its plan adoption.
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The plan adoptin to new situation using its previous experience. Kennedy argues that
Metacognition provides an efficient plan adoption. Metacognition can not monitor the
integrity of agents at hostile environments. Finally, the introspective reasoning used on
refines menory search, and retrieval. This is similar to finding an expected and ideal

behaviour with reasoning.

4.8 Minsky A B & C-Brain

Minsky (2002) addressed the possible inner mechanisms, and higher level thinking of
the mind. Minsky initially postulated an-Brain andB-Brain mechanisms (Figure 3.4
A-Brain is connected to outer world through sensors and effecteBsiaA collects
information form the outer world or environment:Bkain will control the cognitive

tasks or mental processes in the architecture.mémal processes include perception,
memory, imagery, language, problem solving, reasoning and decision making activities.
B-Brain act like a supervisor for-Brian. WhenA-Brain stops or struck or in confusion
state to react, then-Brain makes self refiction of ABrain. B-Brain can supervise an

A-Brain without understanding-Brain working mechanisms.

E-Brain

A Bran

Cnater World

Figure 4.4  Minsky A B and GBrain (Minsky, 2002).

Minsky suggested that, A &-Brains can have -Brain. This can control, watch, and

influence the BBrain. B-Brain and GBrain works as similar to the A andBains. In
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addition to this, Mi nsky suggested #dnAcl o
follows transitive mechanism. For example, B is a supervikéy;, € is a supervisor of

B thenC is also a supervisor of A. According to Kennedy (2006), A affiBa i n 6 s cC ¢
not mutually monitor and can modify each other. This is called as closed system, but not

reflective.

4.9 OBl ind spotdé or OReflective bl

According to Kenneaahg BBraih@@htecture iMeracts with the
real wor |l d and, foll ows icl osed Ssystemi
appropriate. The simpler systems can-sederve, and monitor to detect the errors or
anomalies. Kennedy argues that, higher hream not detectthe M-brain, when code
hasbeen deleted roreplaced from the lower level. This needs to add other layer to
resolve this problem. This may end up with infinite number of brains. This weakness or

problem is call edctaisvd bbliinmdd seg@ods®. or fAr e

Kennedy (2003) framed the possible configurations of reflective mk$wés Figure
45depict s, each circle represents an age
highest level of component in a diagram, and this is sequentalirolled and
hierarchically organized. The arrow indicates the monitoring relationship between
agents, and all components. The monitoring system is similar to metalevel. This arrow

also indicates equality in distributed monitoring.

Metalevel can be w=d in the reflective programming literature. This executes or
interprets and monitors an object level (discussed in sedti®). As depicted Figure
459 a) , shows a fAcentralisedo0 monitaami ng t

self execution. Fjure 4.5b) shows an open reflection, where B monitors A, not-vice
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versa. Figured.5c) shows a closed system, where all metels are object levels.
Figure 4.%d) shows an open reflection because there is one agent exist C, source of an

arrow, but not aestination.

Figure 4.5 Types of Metdevels

Kennedy argues that, mutually monitoring agents may be closed, and may not be
reflective. She also proposed more complex configurations by using above examples.
For example she describes orgamit i on al structure as follc

monitors L1, which monitors L2, whiché. o
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