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Synopsis

The emotions are investigated from the perspective of an Artificial Intelligence
engineer attempting to understand the requirements and design options for au-
tonomous resource bound agents able to operate in complex and dynamic worlds.
Both natural and artificial intelligences are viewed as more or less complex con-
trol systems. The field of agent architecture research is reviewed and Sloman and
Beaudoin’s design for human-like autonomy introduced. The agent architecture
supports an emergent processing state, called perturbance, which is a loss of con-
trol of thought processes. Perturbances are a characteristic feature of many human
emotional states. A broad but shallow implementation of the agent architecture,
called MINDERI1, is described. MINDER1 can support perturbant states and is an
example of a ‘protoemotional’ agent. Several interrupt theories of the emotions are
critically reviewed, including the theories of Simon, Sloman, Oatley and Johnson-
Laird and Frijda. Criticisms of the theories are presented, in particular how they
fail to account for both learning and the mental pain and pleasure associated with
some emotional states. The field of machine reinforcement learning is reviewed and
the concept of a scalar quantity form of value introduced. Forms of value occur in
control systems that meet a requirement for trial and error learning. A philosophi-
cal argument that a society of mind will require an economy of mind is presented.
The argument draws on adaptive multi-agent system research and basic economic
theory. It generalises reinforcement learning to more complex systems with more
complex capabilities. A design hypothesis is proposed — the currency flow hypothesis
— that states that a scalar quantity form of value is a common feature of adaptive
systems composed of many interacting parts. A design specification is presented for
a motivational subsystem conforming to the currency flow hypothesis and theoret-
ically integrated with Sloman and Beaudoin’s agent architecture. An explanation
of a subset of mental pain and pleasure is provided in terms of an agent archi-
tecture monitoring its own processes of reinforcement, or virtual ‘currency flows’.
The theory is compared to Freudian metapsychology, in particular how currency
flow avoids the vitalism associated with Freud’s concept of ‘libidinal energy’. The
explanatory power of the resulting theory of valenced perturbances, that is painful
or pleasurable loss of control of attention, is demonstrated by providing an archi-
tecturally grounded analysis of grief. It is shown that, amongst other phenomena,
intense mental pain and loss of control of thought processes can be readily explained
in information processing terms. The thesis concludes with suggestions for further

work and prospects for building artificial emotional agents.
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Chapter 1

Introduction

In this thesis the emotions are investigated from the perspective of an Artificial
Intelligence engineer attempting to understand the requirements and design options
for autonomous resource bound agents able to operate in complex and dynamic
worlds. Both natural and artificial intelligences are viewed as more or less complex
control systems.

Readers patient enough to read to the end will understand how and why certain

emotional phenomena do and could occur in humans, animals and machines.

1.1 Overview of thesis

Chapter 2 provides methodological preliminaries. The design-based approach to
mental phenomena is described and the importance of the information pro-
cessing level of explanation emphasised. Reasons why a reified conception of

‘consciousness’ is irrelevant to a study of the emotions are provided.

Chapter 3 briefly describes Herbert Simon’s interrupt theory of the emotions be-
fore presenting Aaron Sloman’s ‘attention filter penetration theory’. The con-
cept of perturbance, a loss of control of one’s thought processes, is introduced.
The architectural prerequisites for having and losing control of thought pro-

cesses are discussed.

Chapter 4 reviews the literature on agent architecture research. It classifies agents
as either deliberative, reactive, or reactive-deliberative. Three types of control
possible in agent architectures are identified. Sloman and Beaudoin’s design

for human-like autonomy is introduced.
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Chapter 5 describes MINDER]1, an implementation of Sloman and Beaudoin’s
design. The agent can handle multiple motives in a simulated complex and
dynamic domain. It can potentially support perturbant states, and is an ex-
ample of a ‘protoemotional’ agent architecture. MINDERL is a computational

realisation of the ‘attention filter penetration’ theory of the emotions.

Chapter 6 reviews theories of emotion. The theories of Oatley and Johnson-Laird
and Frijda are critically reviewed, followed by an extensive examination and
critique of interrupt theories of emotion. Four problems of interrupt theories
are identified, which motivates the latter half of the thesis. An important
problem is that existing theories cannot account for the valency of some emo-

tional states. Valency is achievement pleasure or failure unpleasure.

Chapter 7 examines a requirement, for trial and error learning. Machine reinforce-
ment learning algorithms are reviewed. The importance of a scalar quantity
form of value is identified. Forms of value are seen to be ubiquitous features
of trial and error learners, deriving from internal ‘better than’ relations. Pos-

session of value by an internal substate is an ability to buy processing power.

Chapter 8 argues that a society of mind will require an economy of mind, in
particular how a scalar quantity form of value will be present in adaptive multi-
agent systems. This is a generalisation of machine reinforcement learning to
more complex systems. The currency flow hypothesis is presented, stating

that ‘currency flow’ may be common to a large class of adaptive systems.

Chapter 9 presents a specification of a computational libidinal economy, a cog-
nitive subsystem that forms attachments to others. The libidinal economy
conforms to the currency flow hypothesis. Valency is explained as the mon-
itoring of credit assignment, or virtual ‘currency flows’ performing reinforce-
ment learning. The other problems of interrupt theories identified in chapter
6 are partially resolved. The augmented theory is a ‘valenced attention filter
penetration’ theory of the emotions. The new theory greatly improves on

Freudian metapsychology, in particular Freud’s concept of ‘libido’.

Chapter 10 explains the emotional episode of grief in terms of the new theory. It
is shown how it can readily account for both the loss of control of thought

processes and the intense mental pain often associated with mourning.

Chapter 11 concludes with directions for future work and a discussion of the work

presented in the thesis.
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Appendix A provides some implementation details of MINDERI.
Appendix B discusses the relationship between labour power and processing power.

Appendix C contains a previously published paper (Wright, 1996b), a require-

ment of the Faculty of Science submission regulations.

Appendix D lists the abbreviations used in the document.

1.2 Summary of main contributions

The main contribution of the thesis is a theory of mental pain and pleasure and
loss of control of thought processes specified in terms sufficiently precise as to be
implementable in a computer simulation.

The research presented here:

e Explains why the design-based approach is required for a full understanding

of the emotions. (Chapters 2 and 5).

e Argue that ‘consciousness’ is largely irrelevant to an understanding of the

emotions. (Chapter 2).

e Brings together a number of theories from a wide range of research areas
relevant to an understanding of the emotions. These theories have never been
considered together before. It is shown how they all contribute pieces to the

puzzle.

e Provides a classification of different types of control in agent architectures.

(Chapter 4).

e Presents an implementation of Sloman and Beaudoin’s agent architecture de-
sign, called MINDER1. MINDERI1 can handle multiple motives in a simulated
complex and dynamic domain. It partially supports perturbant states and is

an example of a ‘protoemotional’ artificial agent. (Chapter 5).
g

e Identifies several limitations of existing interrupt theories of emotion (chap-

ter 6) and presents a theory to overcome those limitations.

¢ Identifies a particular type of mental pleasure or unpleasure, named valency.

(Chapter 6).
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Identifies the importance of a scalar quantity form of value in adaptive trial
and error learners, in particular how value functions as an ability to buy

processing power. (Chapter 7).

Generalises reinforcement learning and compares it to currency flow in eco-
nomic systems. It is shown that the two domains, although different, are

related in important ways. (Chapter 8).

Proposes a currency flow hypothesis for adaptive multi-agent systems, which
states that scalar quantity forms of value are likely to be common to a wide

class of such systems. (Chapter 8).

Describes a design specification, based on the hypothesis, that serves as a
new model of emotional states that involve painful or pleasurable insistent

thoughts. (Chapter 9).

Explains previously known phenomenological facts, such as achievement plea-
sure and failure unpleasure, in terms of the monitoring of credit assignment

or virtual ‘currency flows’. (Chapter 9).

Explains how the currency flow hypothesis is related to Freudian metapsychol-
ogy, in particular the relationship between currency flow and Freud’s concept

of ‘libido’. (Chapter 9).

Explains the human emotional episode of grief in terms of the postulated agent

architecture. (Chapter 10).

Introduces new terminology and concepts important to an understanding of
motivation and emotion, such as value, valency, circulation of value, ability to
buy processing power and the monitoring of credit assignment. (Chapters 6,

7, 8 and 9).

Improves upon Oatley and Johnson-Laird’s analysis of control versus semantic
signalling, and explains the existence of ‘simple’ control signals in information

processing architectures. (Chapter 9).

Addresses the question, ‘Why is the causal power of human metamanagement

limited?” (Chapter 6).

Makes specific proposals for new research that can build on the work presented

in this thesis. (Chapter 11).
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1.3 A note on joint work

Section 2.3.1.1 on ‘ontology and the design-based approach’, section 4.4.1 on ‘motive
processing’ and chapter 10 on ‘a circulation of value analysis of attachment and loss’
contain joint work that first appeared in (Wright, Sloman & Beaudoin, 1996), a
paper originally written by me but revised and added to by Aaron Sloman. However,
chapter 10 has been revised for this thesis, in particular extending the analysis of
grief to mental pain and pleasure.

Chapter 8 first appeared as a joint technical report with Michel Aubé (Wright
& Aube, 1997). Aubé provided information and references on multi-agent system
research, convinced me of the importance of the concept of ‘commitment’, and
provided comments on a first draft. However, the ideas and text are entirely my

own fault.
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Chapter 2

Methodological
preliminaries: emotions and

the design-based approach

This chapter briefly considers what emotions might be, why they are worth studying,
and how they may be understood. The design-based approach to understanding
mental phenomena is summarised, and the relevance of ‘consciousness’ to theories

of emotion considered.

2.1 What are emotions?

As people use emotion words to describe their own and others internal states and
visible behaviours it may appear that we already know what emotions are. For ex-
ample, observers of a man shouting and kicking a car would describe him as ‘angry’
or ‘frustrated’. The man, if asked how he was feeling, would probably use the same
terms to describe his own state. But this is misleading: the ability to know roughly
what kinds of conditions generate what kinds of emotional state, to recognise the
existence of an emotional state in oneself or in others, and to deduce the range of
mental and behavioural dispositions that follow from particular emotional states,
constitutes a set of very useful social skills, skills that often take many years to ac-
quire. However, skills are not theories. Anticipating emotions, recognising emotions
and projecting the consequences of emotions does not require detailed knowledge

of the underlying mechanisms of mind. For example, people can know what televi-
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sions, cars, washing machines, and word-processors do, and accordingly plan their
interactions with them, without knowing in detail how they work. Folk psycholog-
ical knowledge of the emotions, although useful, does not explain the mechanisms
underlying emotion, although it may contain implicit assumptions about them. To
meet the demands of scientific rigour existing concepts of emotion will need to be
revised, extended or overthrown. Folk psychology may remain separate and au-
tonomous from a new technical vocabulary of the emotions, in much the same way

that naive physics coexists with classical and quantum mechanics.

Is there a right definition [for emotion]? I suspect we must wait for
deeper theories about the underlying mechanisms before we can hope to
define precisely what kinds of phenomena we are talking about, just as
people had to wait for modern physics and chemistry before they could

have good definitions for terms like ‘water’ and ‘salt’. (Sloman, 1993d)

A further problem of providing a definition of emotion is that different emotion
researchers (e.g., psychologists, biologists, cognitive scientists etc.) often use differ-
ent vocabulary for the same phenomena or use the same vocabulary for differing
phenomena (Read & Sloman, 1993; Kagan, 1978). There is much terminological
confusion in the literature. In addition, Pfeifer (1994) makes the point that no
consensus has been reached on what actually constitutes emotion. This is to be
expected if no consensus has been reached on the underlying mechanisms of mind.

Theories need to precede definitions. Therefore, ‘emotion’ is not defined in this
thesis. Instead, theories of mental mechanisms are explored and new terminology
introduced to refer to the processes those mechanisms generate. The new termi-
nology can then be related to folk psychological concepts of ‘emotion’. However,
the word ‘emotion’ is still employed to refer to the assortment of phenomena under
consideration.

In summary, we do not really know what emotions are, although there are many
detailed theories, some of which are reviewed in chapters 3 and 6. This thesis adds

to these theories, and is a partial answer to the question, ‘What are emotions?’

2.2 Why study emotions?

Apart from the intrinsic interest of explaining a natural phenomenon, studies of
emotion can make practical contributions in a number of areas. For example, a

better understanding of emotions could lead to better clinical practice when dealing
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with emotional disorders, such as depression. Information processing theories of
emotion could be mapped onto the neural architecture, providing neuroscientists
with a better understanding of the functions of, and relations between, geographical
areas of the brain. Developing theories of underlying mechanisms of emotion can
feed into the design and implementation of artificial intelligences, particularly if
emotional responses are found to be adaptive in various task domains. Theories of

emotion can contribute to psychology, philosophy, and artificial intelligence.

2.3 How can the emotions be explained?

The emotions can be explained in different ways depending on the kinds of questions
that are asked. For example, one can ask how emotions occur, which requires a
‘wires and pulleys’ causal explanation of the mechanisms that generate emotions.
Alternatively, one can ask why emotions occur, which requires an evolutionary or
social explanation of the reasons why emotional states and behaviours evolved.
One can ask questions about the development of emotions in individuals (when
questions), that is, whether emotions are innate, learned, or both, and what kinds of
emotional changes may occur during the life cycle. Or one can ask what emotions are
for, which requires an explanation of the function of emotions. Different questions
lead researchers to concentrate on different aspects of emotional phenomena. This
thesis, for example, concentrates mainly on how and what questions, such as how
an agent may both react quickly to actual events yet also plan for possible future
contingencies, and what niche requirements are satisfied by ‘emotional’ states and
behaviours.

Theories of emotions can be constructed at different levels of abstraction. Neu-
roscientists study, among other things, the signal processing that occurs in neu-
ral circuits, whereas cognitive scientists and Al researchers explore what kinds of
information processing may be implemented on those neural circuits (or micro-
processors). This thesis is concerned with explanations at what Sloman (1994b)
has called the information processing level of abstraction, or ‘information level’,
a level concerned with both agent designs (i.e., part of Dennett’s ‘design stance’
(Dennett, 1991)) and the semantic content of information that is acquired, created,
manipulated, stored and used by those agents (Sloman, 1995¢). Information level
explanations operate at a level of abstraction ‘higher’ than the physical level but
‘lower’ than Newell’s ‘knowledge level’ (Newell, 1990) and Dennett’s ‘intentional

stance’ (Dennett, 1991). Knowledge level and intentional stance explanations pre-

21



suppose the rationality of agents (i.e., the agent’s actions are reliably determined
by a rational relation between its knowledge and goals), whereas the information
level does not. Computer programmers normally describe the functioning of their
programs at the information level, for example describing a program as manipulat-
ing lists of addresses, searching through a database of employees, indexing an array
of pixels that represent a picture, or evaluating an arithmetical expression. Such
descriptions make no mention of the physical implementation of the program.

In summary, the approach adopted in this thesis is to attempt to explain emo-

tional phenomena at the information level of description.

2.3.1 The design-based approach

The study of emotions is divided into differing ‘schools of thought’ (Pfeifer, 1994).
Approaches to the study of emotions can be very broadly categorised as semantics-
based, phenomena-based and design-based (Sloman, 1992; Sloman, 1993d). Semantics-
based theories analyse the use of language to uncover implicit assumptions under-
lying emotion words, for example (Wierzbicka, 1992). Phenomena-based theories
assume that emotions are a well-specified category and attempt to correlate contem-
poraneous and measurable phenomena with the occurrence of an emotion, such as
physiological changes or the firing of neural circuits. An early example is William
James’ peripheric theory (see (Calhoun & Solomon, 1984)); for a comprehensive
review of many phenomena-based theories, see (Strongman, 1987).

In contrast, Sloman’s design-based approach, a rational reconstruction of the
practice of A, takes the stance of an engineer attempting to build a system that
exhibits the phenomena to be explained. Instead of analysing folk psychology in
the hope of uncovering an implicit theory, or performing experiments on human
and animal subjects, a design-based approach directly explores possible generative

mechanisms. The next section briefly outlines the design-based approach.

2.3.1.1 Ontology and the design-based approach

It is assumed that (a) information-processing architectures exist, are implemented
on human brains, and mediate both internal and external behaviour; and (b) that
the design-based methodology allows a systematic approach towards high level func-
tional congruity between artificial, explicitly designed architectures and certain im-
portant aspects of evolved, naturally occurring architectures, despite differences in

low level implementation details.
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Claim (a) underlies much contemporary Cognitive Science and has been ar-
gued for or presupposed by many theorists (e.g., see (Miller, Galanter & Pribram,
1970; Johnson-Laird, 1988; Simon, 1967; Simon, 1981b; Simon, 1981a; Simon, 1995;
Newell, 1990) and (Palmer & Kimchi, 1984) for different sub-theses).

Claim (b) is more contentious and depends on finding appropriate levels of
abstraction. There are other examples of congruity at high levels despite low level
differences. Two physically quite different computing systems may both implement
the same virtual machine architecture (e.g., both may be Prolog systems, or both
may implement internet utilities, including mail, news, telnet and the World Wide
Web). Similarly, it is often taken for granted that general principles of feedback
control apply both to natural and artificial systems. What needs to be added to
this, following much work in Artificial Intelligence, and the ideas in (Simon, 1967),
is a level of explanation that involves richer and more profound forms of control of
both external and internal behaviour using richer semantic structures and new sorts
of control architectures to support various kinds of motivational processes (e.g., see
(Simon, 1967; Sloman & Croucher, 1981; Sloman, 1987; Beaudoin & Sloman, 1993;
Sloman, 1993b; Sloman, 1993c; Beaudoin, 1994; Sloman, 1994b; Sloman, Beaudoin
& Wright, 1994) .)

Brains appear to support several rich ontologies at different levels of abstraction.
In computing systems, ontologies are often ‘stacked’ in layers of implementation. For
instance, a word processor package that manipulates pages, paragraphs, sentences,
words, letters, and so forth, may be implemented in a ‘virtual machine’ correspond-
ing to a high level programming language, which, in turn, is implemented in a lower
level machine language, and ultimately by quantum physical states of electronic
components, with several machine levels in between. The abstract machines at all
levels are compound objects, composed of many different kinds of entities, relations
and processes.

Moreover, causal and functional relations may hold between the high level
abstract machine structures. (Changes in an abstract data-structure, such as a
database of information about employees, can cause changes in what gets printed
on pay slips.) These data-structures may have semantics in that they refer to in-
dividuals and their salaries, and so forth. Sloman has argued that this can include
semantics for the machine (e.g. (Sloman, 1994b)).

In the case of human brains we do not know what the layers are. Yet causal
relations between abstract structures clearly occur when a person’s seeing something

causes him to get angry, which in turn may cause him to strike out. The fact
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that ultimately people, like computers, are implemented in (ill-understood) physical
mechanisms is not inconsistent with this. Even physical phenomena are normally
explained well above the level of fundamental physics: most people who learn how
a car engine works are not taught about quantum physics, but about carburettors,
chokes, pistons, and so forth.

Though a designer often knows a great deal about how a complex system works,
it may be impossible for others who merely observe the system to infer the internal
processing. (Sometimes even the designer does not understand all the internal in-
teractions.) This means that any philosophy of science that assumes that theories
must be directly or easily testable is ill-conceived: it will fail for complex infor-
mation processing systems, most of whose behaviour is internal and unobservable.
Moreover, even knowing how the system works may not provide a basis for pre-
dicting particular behaviours if the behaviour depends not only on the design and
current circumstances but also on fine details of enduring changes produced by a
long previous history.

When studying systems we have not designed we can, at best, hope for a suc-
cession of theories accounting for more and more phenomena, using increasingly
powerful explanatory principles, tested in part by implementing the theories in
working designs and in part by relating them to the ever growing body of knowl-
edge in neuroscience. There may never be a total ordering of merit among such
theories, and the ordering may change over time as new phenomena are discovered.
Objections to this approach are often based on a naive philosophy of science, or
misplaced ‘physics envy’. (For a broader view see (Lakatos, 1970), chapter 2 of
(Sloman, 1978), and (Bhaskar, 1978)).

The design-based approach draws its inspiration from software engineering and
conceptual analysis in philosophy (see chapter 4 of (Sloman, 1978)). It construes
AT as a methodology for exploring an abstract space of possible requirements for
functioning agents (niche space) and the space of possible designs for such agents
(design space) and the mappings between them (Sloman, 1994a; Sloman, 1995a).
Research strategies vary: they may be top-down, bottom-up or middle-out. All are
potentially useful. This thesis is largely top-down, but the design-based approach
does not exclude other options, for example the use of genetic algorithms to create
designs by simulating evolutionary processes.

Although it is often assumed that AI is concerned only with algorithms (e.g.,
(Searle, 1980; Penrose, 1989)), architectures are more important (see chapter 4 for

a definition). There is a need to understand global designs for complete systems, in-
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cluding their functional decomposition into coexisting interacting subsystems. Early
work, still exploring general principles, need not make any commitment to the im-
plementation details of mechanisms; for example, a neutral stance is taken towards
symbolic or connectionist engines. Progress can be made by starting with ‘broad
but shallow’ (Bates, Loyall & Reilly, 1991) architectures that combine many sorts of
capabilities (such as perception, planning, goal management, and action). Each ca-
pability is initially implemented in a simplified fashion. Subsequent work gradually
refines and deepens the implementations.

Sloman (1993b) claims that architecture dominates mechanism; that is, global
design normally determines global capabilities to a greater extent than implemen-
tation details. Of course, ultimately designs must be linked to neural details and
research will profit from the ‘bottom up’ studies of such details, which impose
constraints on high level designs. Most of the constraints seem to be quite weak.
Exceptions are the high level effects of drugs, which, in this thesis, have not been
taken into account.

There is no assumed congruity between the design decisions ‘taken’ by evolution
under environmental and competitive pressures and those taken by a designer when
moving from initial requirements (what the system should do) to prototype design
(how the system will do it). Rather it is merely claimed that the design-based
methodology is a source of potential explanatory theories. Such theories will be
improved under pressure of criticism, either because of things they fail to explain,
or because they explain too much (e.g., capabilities people don’t have), or because
the designs could not have evolved naturally, or could not be implemented in brains.

Even an oversimplified or incorrect theory that yields a workable design can help
the exploration of design space. Comparing it with other more ‘realistic’ theories
aids understanding of the latter, for a system is not really understood unless it is
known how changing it would produce different capabilities.

Designs satisfying the same information processing and control requirements
may possess common design features, whether produced by natural selection or
human engineering, just as birds and aeroplanes are both constrained by principles
of aerodynamics. Over time the design-based approach may gradually approximate
natural ‘designs’. This could happen by increasingly taking account of empirical
constraints and iterating the development cycle to deepen requirements and extend
designs. Such designs can also be tested empirically and compared in more and more
detail with their natural counterparts. The total research community is effectively

engaged in a parallel cooperative search (see chapter 4 for a review of the agent
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architectures developed by Al researchers).

To summarise: (a) An architecture has causal powers that determine the capa-
bilities of an agent and explain its ability to ‘fit’ into a part of ‘niche’ space; and (b)
the design-based approach generates candidate architectures that may correspond
to naturally occurring high level causal structures implemented upon neural sub-
strates. These candidates can guide empirical investigations to check such claims.
The design-based approach takes the stance of an engineer attempting to build,
and understand the design options for, a system that exhibits the phenomena to be

explained.

2.4 Against the reification of consciousness

From the first person perspective, emotional states are private phenomena. For
example, a mourner may inform others of their grief, but those others will not
be experiencing pain, or be having thoughts pertaining to the loss, or be unable to
concentrate on everyday matters, and so forth. For some, an explanation of the sub-
jectivity of emotions requires an explanation of ‘consciousness’, and without such
an explanation any theory of the emotions is woefully inadequate. But this is not
so: the study of emotional states no more requires an explanation of ‘consciousness’
than does the study of deliberative thought processes (see section 4.2.1). For ex-
ample, models of cognition, such as GPS (section 5.7 of (Charniak & McDermott,
1985)) and the SOAR architecture (Laird, Newell & Rosenbloom, 1987; Newell,
1990), do not attempt to explain ‘consciousness’, even though deliberative thought
processes are also, unless communicated, private phenomena. If cognition can be
modelled and replicated without reference to theories of ‘consciousness’ then so can
the emotions. However, a few points are worth making with regard to possible
theories of ‘consciousness’.

‘Consciousness’, like the term ‘emotion’, is ill defined and used to refer to differ-
ent phenomena (hence the scare quotes). The study of ‘consciousness’ is currently
very fashionable, and there are many competing theories. An unfortunate number
of those theories reject the possibility that ‘consciousness’ could ever be fully ex-
plained in information processing terms, for example (Chalmers, 1996) and (Nagel,
1974). The rejection of the possibility of a mechanical explanation of ‘conscious-
ness’ has a long philosophical history. Those rejections often rest on what Ryle
(1949) has called a ‘category mistake’. The following quotation, taken from Leib-

niz’s ‘Monadology’, provides a good example of the error (for ‘perception’ read
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‘consciousness’).

It must be confessed that perception and that which depends on it are
inexplicable on mechanical grounds, that is to say, by means of figures
and motions. And supposing there were a machine, so constructed as
to think, feel, and have perception, it might be conceived as increased
in size, while keeping the same proportions, so that one might go into it
as into a mill. That being so, we should, on examining its interior, find
only parts which work one upon another, and never anything by which

to explain a perception. G. W. Leibniz (1646 — 1716) (Liebniz, 1991).

A person may tour the grounds of a university, and see buildings, faculties,
schools, offices, lecturers and students, and yet still ask ‘Where is the university?’
(Ryle, 1949). The visitor’s mistake is to think that the term ‘university’ refers to
one particular thing, rather than referring to a collection of things with mutual
functional relationships. Leibniz commits this error in the above quotation, for a
capability such as ‘perception’ can be implemented as collections of simpler com-
ponents with mutual functional relationships (AI vision systems are an existence
proof). Similarly, ‘consciousness’ is not one thing, nor is it an ‘essence’, but is an as-
sortment of complex capabilities, such as those capabilities pre-theoretically referred
to as introspecting, reflecting, deliberating, and self-referencing. The capabilities
are implemented on neural components with mutual functional relationships. They
may be present in different combinations and different forms in animals, humans
and machines (Sloman, 1996c).

‘Consciousness’ is a collection of things that brains do, not a thing that brains
do or do not possess. The reification of consciousness normally leads to panpsy-
chism (everything is conscious) or solipsism (only I am conscious). Neither of these
‘theories’ can help us build artificial, self-conscious machines, nor do they generate
any falsifiable propositions or explanations that deepen our understanding of how
anything works.

A second, related, error is also made by Leibniz. In the above quotation, the
giant, thinking machine, behaviourally equivalent to a mind, when examined by
an observer mind, is found to lack precisely what the observer mind so obviously
possesses — ‘perceptions’ (or ‘consciousness’); therefore, minds are more than mere
mechanical processes. This is a perspectival error, which is a failure to distinguish
different types of information generated by different information processing mecha-

nisms. Looking at a brain (or a giant machine) provides information about spatial
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relationships between things, but does not provide information about causal rela-
tionships between information bearing substates of the brain and between those
substates and substates of its environment (i.e., causal relations that support se-
mantic states). What that brain is perceiving, what that brain is thinking about,
what that brain knows about itself, or what that brain could report about its feelings
when asked, are questions that cannot be answered by vision (or hearing, touch and
smell) because a human visual information processing system cannot detect and rep-
resent the requisite information. To answer such questions one would either have to
ask the brain for the information, or actually be that brain introspecting. It should
come as no surprise that when brain surgeons open patients’ skulls they do not find
any conscious experiences, for looking provides different information compared to
introspecting (a different kind of information processing mechanism with different
forms of representation and in a different access relation to the requisite informa-
tion). Just as smells cannot be heard, introspections cannot be seen. Perspectival
errors, in addition to category mistakes, often lead to dualist positions, for example
hypothesising that ‘consciousness’ is separate from ‘matter’ and reconnecting the
two ontological domains with superfluous ‘bridging laws’ (Chalmers, 1996).

In summary, these very brief comments maintain that the so-called problem of
conscious experience does not impact upon theories of emotion, and that arguments
against the possibility of information processing theories of ‘consciousness’ rest on
basic philosophical errors. For example, (Dennett, 1978; Dennett, 1991; Sloman,
1990; Sloman, 1996¢c; Rey, 1997; Hofstadter, 1979; Hofstadter & Dennett, 1981;
McCarthy, 1995) discuss alternative ways of viewing the problem of ‘consciousness’

that avoid these mistakes.
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Part 11

Perturbances
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Chapter 3

The attention filter
penetration theory of

emotion

Consider jealousy, rage, triumph, excited anticipation, grief, obsessive love, despair,
fear, joy, and so forth. These emotional states are all different in important ways.
However, what they all have in common is control precedence (Frijda, 1986), that
is attention tends to be grabbed. Both the griever and excited anticipator find it
difficult to turn their thoughts to other matters. This is not to imply that people
can never learn to control their emotions. However, the fact that people attempt
to control emotions reveals that emotions attempt to control. The obverse of the
control precedence of emotions is that a person is normally in a passive relation
to them. For example, unlike actions that are causally and rationally dependent
on a person’s desires, emotions cannot be so instigated (Green, 1992). Ignoring
dissimulation and the abilities of professional actors, one does not normally choose
to be angry, sad or disappointed. It is appropriate to command someone to perform
an action, but inappropriate to command someone to have an emotion (Green,
1992).

It is these kinds of facts that fit well with ‘interrupt of attention’ theories of
emotion. Two are reviewed here as a preliminary to a partial computational imple-
mentation of Sloman’s attention filter penetration theory (AFP) in chapter 5. Crit-
icisms are postponed until chapter 6, where other design-based theories of emotion

are reviewed, and where the emotions are given a more comprehensive treatment.
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3.1 Interrupts: Simon

Simon (1967) proposes a design-based theory of the emotions. He discusses a num-
ber of important themes and ideas, primarily: that human behaviour is charac-
terised by having multiple goals, that motivation can be thought of as that which
controls attention at any given time, and that human behaviour, in many circum-
stances, can be interrupted. These ideas form the basis for a proposal that there is
a close connection between the operation of an interrupt system and much of what
is generally called emotional behaviour.

According to Simon, an event in the environment, a memory or a motivation,
can displace current goals by interrupting processing in the ‘central nervous system’.
For example, the presence of a predator may cause the generation of new goals to
deal with the altered situation producing, amongst other things, a flight, fight or
fright response. Other effects of an interrupting stimulus could include arousal of
the autonomic nervous system and the production of feelings of emotion.

Simon was primarily concerned with the process of goal interruption and con-
sequent change of behaviour, rather than physiological and subjective phenomena.
Interruption is required to serve the real-time needs of the organism. Simon dis-
tinguishes three types: needs arising from uncertain or unpredicted environmental
events (as in the predator example), various physiological needs (internal stimuli,
such as hunger), and ‘cognitive associations’, for example memory associations that
may cause anxiety.

Simon also distinguishes adaptive and non-adaptive interruption. The emotional
stimulus is normally to be considered as more interrupting than disrupting serving
to help the organism pursue its multiple goals, rather than hindering. However, in
certain cases, the emotion-producing stimulus may be persistent and intense causing
the invoked goal to be repeatedly interrupted resulting in maladaptive behaviour.

Learning can change the efficacy of certain stimuli to cause interruption, or al-
low new associations to cause previously non-interrupting stimuli to interrupt. For
example, learning to ignore car alarms, or learning to avoid black ice on motorways.
In addition, the organism may acquire new or modified response patterns to inter-
rupting stimuli. For example, an experienced car driver has a repertoire of plans
for dealing with problem situations. Learning will tend to reduce emotionality of
response as situations become more and more familiar.

Simon summarises his own theory as follows:

The theory explains how a basically serial information processor en-
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dowed with multiple needs behaves adaptively and survives in an en-
vironment that presents unpredictable threats and opportunities. The
explanation is built on two central mechanisms: 1. A goal-terminating
mechanism [goal executor] ... 2. An interruption mechanism, that is,
emotion, allows the processor to respond to urgent needs in real time

(Simon, 1967).

The theory implies that ‘organisms’ have two kinds of processing that operate in
parallel: a goal executor that generates actions, and vigilational (Beaudoin, 1994)
processes that continuously check for contingencies that require urgent attention.
The former, being resource limited, is interruptable by the latter.

Jealousy, rage, triumph, excited anticipation, grief, obsessive love, despair, fear,
joy, and so forth, all normally involve beliefs about states-of-affairs that are con-
vergent or divergent with important goals. For example, a jealous person has their
attention interrupted and held by beliefs about the real or imagined behaviour of
a loved one that are divergent to goals of attachment. Similarly, a fearful person
has their attention interrupted and held by beliefs about real or imagined threats
to goals of self-preservation.

Simon’s theory does not account for all aspects of emotional phenomena, but it
does explain why mental architectures may need to allocate attentive resources, and
how this can be done using ‘emotional’ interrupts that very quickly divert attention

to new, important and urgent matters.

3.2 Loss of control of attentive processing: Sloman

Aaron Sloman’s attention filter penetration (AFP) theory (Sloman & Croucher,
1981; Sloman, 1987; Sloman, 1992) is an extension of Simon’s theory. It introduces
new, architectural detail implicit in Simon’s paper. A variable threshold interrupt
filter is proposed that controls the ability of new motivators, thoughts or percepts
to disturb or divert attention. The need for a filter mechanism is deduced from
the assumption that ongoing activities use resources, both cognitive and physical,
that are limited; therefore, these activities will need both protecting from and be
open to interruption to ensure adaptive behaviour. The variability of the threshold
allows the level of protection to be dependent on context.

Sloman’s theory focuses on dispositions to interrupt current cognitive processing
rather than Simon’s focus on interruption of current goals. Emotional states involve

a disposition to divert attention without necessarily disturbing ongoing goals or ac-
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tions. Four dimensions along which motivational states can vary are distinguished:
insistence, importance, urgency and intensity! The insistence of a motivator is its
propensity to interrupt attention, and is a heuristic measure of the importance and
urgency of the motivator. It is heuristic as it needs to be computed inexpensively
without diverting the very resources the filter mechanism is designed to protect.
The insistence of a motivator, therefore, is a dispositional state (see (Ryle, 1949)
that analyses mental terms as disposition words). It has a tendency, or potential,
to disturb and divert attention but need not actually surface through the filter or
disturb ongoing processing. Sloman describes the strong potential for disturbance
and diversion of attention as a characteristic of many of the states called emotional.
However, these states can exist without actual diversion of attention; for example,
jealousy can persist while other activities occupy attention for some time. One
consequence of this theory is that there are only differences of degree between emo-
tional and non-emotional motivational states. The theory also implies that many

different emotional states can co-exist.

3.2.1 Perturbances

The AFP theory introduces a technical concept for the ‘loss of control’ characteristic
of emotional states.

The term perturbant is reserved for a state in which there is a partial or total
loss of control of attention. Perturbances can be occurrent, in which case there is
an attempt to control the contents of attention, or dispositional, in which case there
is no attempt to control the contents of attention. An occurrent perturbance is due
to the continual surfacing of postponed or rejected, or unwanted, motivators (Beau-
doin, 1994), or possibly disruptive thoughts, images, and the like (e.g., a catchy
tune that won’t ‘go away’). Such disruption can interfere with the management of
other, important goals. It is what the filter normally prevents.

Perturbant states differ in several dimensions: duration; whether the source
is internal or external; semantic content (what is referred to); type of disruption
(it could be due to a goal, thought, or recollection); effect on attentive processes;
frequency of disruption; positive or negative evaluation (compare grieving with
being unable to stop thinking about the victory one has recently won — grieving
and gloating have much in common); how the state develops; whether and how it

decays; how easily it can be controlled, and so forth.

ntensity is the ability of a goal, once management resources have been diverted to it, to

remain adopted. See section 4.4 and chapter 5.
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Perturbances, like ‘thrashing’ in an overloaded computer operating system, are
emergent effects of mechanisms whose major role is to do something else (just as
thrashing arises from the paging and swapping mechanisms in the operating sys-
tem). Perturbances arise from the interactions between (a) resource-limited atten-
tive processing, (b) a subsystem that generates new candidates for such processing
and (c) a heuristic filter mechanism. These design elements arise from the require-
ments for coping with complex and rapidly changing environments. Perturbances
do not initially arise because of some special perturbance generating (or emotion
generating) mechanism. Thus it is misguided to ask what the function of perturbant
states is or to postulate a perturbance mechanism.

For example, a person hears the latest pop single on the radio and soon the tune
is constantly ‘replayed’ in their mind, perhaps diverting attentive resources from
other matters. This is not a perturbant state unless the following condition holds:
if the person were to wish that the tune would ‘go away’ and tried to put it out of
their mind but found it difficult to do so then there is a disposition to lose control of
attentive resources. For instance, some catchy tunes can become very irritating and
annoying. However, the loss of control need not be occurrent for a perturbant state
to exist. For example, excited anticipation is a perturbant state even if the person
experiencing that state does not wish to turn their thoughts to other matters: they
may be quite happy continually thinking about the presents they will get for their
birthday.

(In a recent clarification of the theory Sloman distinguishes three classes of emo-
tional states associated with three different types of control in agent architectures.

These three classes are described in sections 4.3.1, 4.3.2 and 4.3.3.)

3.2.2 Self-control

The definition of perturbance is therefore counterfactual, and requires an architec-
ture sufficiently sophisticated to support goals whose objects are internal states.
For example, not all agent architectures can support a distinction between being in
control and not being in control of one’s thought processes. It is not clear that a
rat ever has control of thought processes. In that case it cannot lose control. If that
is so, the sorts of processes being discussed cannot occur in a rat (Sloman, 1996¢).
Having or losing control requires a mental architecture that can monitor, evaluate
and modify thought processes.

The ordinary notion of ‘self-control’ is not a unitary concept admitting of a

unique analysis. Like many mental concepts it covers a variety of cases and further
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study is required to investigate how many of them can be accommodated within a
design-based framework.

Sloman emphasises that for a system to support concepts of ‘self-control’ it must
be able to have goals relating to its own thought processes. The system is in control
when everything that occurs in it is consistent with all the currently adopted goals.
This does not imply that everything that happens is generated by those goals, for
that would rule out intrusions, such as feeling hungry, or a new desire to help
someone in trouble. These can arise without contradicting one’s view of what one
should be like (Wright, Sloman & Beaudoin, 1996).

There need not be only one coherent global set of goals, preferences, and so forth,
since some people seem to change personality from one context to another, like the
kind father who is an aggressive car driver. A mental architecture might allow a
number of different sets of mutually consistent high level dispositions that co-exist,
though only one set is active at a time (as sketched in chapter 10 of (Sloman, 1978)).

Detection of incongruent states requires some sort of self-monitoring of the global
‘picture’ and an explicit evaluation of it as fitting or not fitting the agent’s ide-
als, long term objectives, or previous decisions regarding (for example) what to
think about, or which desires are unacceptable. If a substantial amount of what is
happening at any time is inconsistent with the agent’s dominant evaluations and
preferences, then the agent is, to that extent, partly out of control, even if all the
disturbances and disruptions are generated entirely within the system, for example
from lower level automatic, non-attentive, processes, or ‘cognitive reflexes’. Addic-

tions are an extreme case.

3.3 Summary

Sloman’s AFP theory states that perturbance, a partial or total loss of control of
attention, is a characteristic feature of states that are commonly called emotional.
Perturbances may be occurrent or dispositional. Perturbant states require mental
architectures with vigilational, attentive and self-controlling processes. Vigilational
processes can generate new goals for resource limited attentive processing, and
self-controlling processes can generate goals that aim to control the contents of
attention. For example, grief consumes the mourner. If the mourner wished to turn

their thoughts to other matters they would find it extremely difficult to do so.
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Chapter 4

Agent architectures

In AT the word ‘agent’ is used promiscuously to refer to all kinds of entities, such
as persistent processes, reactive controllers, programs that control parts of real or
simulated worlds, simple adaptive algorithms, and so forth. This author is content

to use Franklin’s definition of an agent:

An autonomous agent is a system situated within and a part of an
environment that senses that environment and acts on it, over time,
in pursuit of its own agenda and so as to effect what it senses in the

future. (Franklin & Graesser, 1996)

On this definition a simple thermostat, a negative feedback control system, is
an agent. However, most AI agents are much more complex than a thermostat.

There are at least two uses of the word ‘architecture’; one referring to an ab-
straction or design that is common to many instances of the architecture; and the
other to concrete instances of such designs. In this thesis the word ‘architecture’ is
normally used in the the former sense, in which an architecture is a collection of fea-
tures common to a class of entities. Each instance of an architecture is composed of
coexisting, interacting substructures with various capabilities and functional roles.
A substructure may also have an architecture. The architecture of a complex sys-
tem can explain how its capabilities and behaviour arise out of the capabilities,
behaviour, relationships and interactions of the components. An architecture can
be specified at different levels of detail, for example at a high level of abstraction the
architecture of a house will not include the occurrence of particular bricks, whereas a
more detailed architectural specification would (Wright, Sloman & Beaudoin, 1996).

An agent architecture, therefore, is a description of the information processing

mechanisms of a control system at a particular level of abstraction.
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There are many examples of agent architecture design in the literature. This
chapter briefly examines requirements for autonomous agency, summarised from
a number of sources but mainly from (Beaudoin, 1994), and provides a critical
overview of some examples of existing agent architectures. The examples are repre-
sentative but not exhaustive. A more detailed review can be found in (Wooldridge
& Jennings, 1995; Wright, 1994; Beaudoin, 1994). Finally, three forms of control
in agent architecture design are identified, followed by a high level description of
Sloman and Beaudoin’s agent architecture design, which is the chosen design for

this thesis.

4.1 Requirements for autonomous agents

The requirements for a system detail what the system should do but not how it will
be done. An agent architecture is required to produce coherent, effective and robust
behaviour (Beer, Chiel & Sterling, 1990) in a complex and unpredictable domain
such that its goals are achieved subject to some evaluatory criteria. These require-
ments for successful operation in dynamic, unpredictable, real time environments
pose certain design problems.

An autonomous agent is capable of producing its own goals but has limited
resources with which to satisfy them. The fundamental goals of the agent may
have been designed by a human engineer, or evolved by natural selection, and they
may be enduring throughout the lifetime of the agent, or subject to modification.
Fundamental goals can generate derivative goals. Goals may be generated internally,
such as a periodic goal to eat food, or externally, such as a goal to prevent a child
touching a hot stove.

The computational resources of the agent will be finite. For example, humans
find it difficult to listen to more than one conversation at once. Also, the agent
will be physically constrained. It will only be able to move at a certain pace,
manipulate a finite number of objects and so forth. Good design solutions will
manage an agent’s finite resources as efficiently as possible (although efficiency is a
difficult notion to define (Sloman, 1995b)).

The agent will need to pursue multiple goals, with perhaps conflicting objectives.
It will have many diverse tasks to perform. In addition, goals will have associated
temporal constraints, such as a goal to catch a train at a certain time. Therefore, an
autonomous agent needs to schedule its goal processing and actions. This requires

the ability to select between multiple motives (Sloman, 1985), prioritise goals, decide
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on a level of commitment towards current intentions, and notice opportunities for
actions that satisfy more than one motive.

The requirement for timely scheduling of actions and the constraint of limited
resources, both computational and physical, require that current processing be inter-
ruptable (see (Simon, 1967)). For example, to react to new, motivationally relevant
events in the environment the agent will need to interrupt its ongoing processing
and switch its ‘attention’ to new contingencies (Sloman, 1987).

For example, at one moment the agent may have very little to do and have the
luxury of deliberation while at the next moment the agent may need to perform
many complex tasks very quickly. The unpredictability of the environment renders
complete planning prior to action impossible. Instead, opportunities and threats to
plans will need to be constantly monitored for. For example, a car driver may be
planning his evening while driving, only to rapidly interrupt his current thoughts
and switch attention to a child’s ball that has bounced into the road.

To detect such events the architecture must be able to generate motivations
asynchronously to current processing. A level of coarse-grained parallelism is there-
fore necessary (Simon, 1967; Sloman, 1978; Maes, 1990) to enable execution of
current goals and at the same time check for new information that may entail goal
revision.

Limited resources also entail that the agent’s knowledge will be incomplete and,
in many cases, erroneous. The agent will have limited predictive powers. The total
effects of its actions will be unknown. The current situation (both externally in the
environment, and internal within the agent) will provide ‘too much’ information
(Hayes-Roth, 1990): the agent, having limited time for processing and selecting,
will need to focus its processing and ignore irrelevances. Information will be widely
distributed both in time and space, requiring the agent to search for relevant infor-
mation and remember, recall and integrate past information.

Architectures that model autonomous agency will need to integrate a wide range
of behavioural capabilities. Bates, Loyall & Reilly (1991) term such architectures
‘broad’. For more requirements see (Boden, 1972; Hayes-Roth, 1990; Oatley, 1992;
Simon, 1967; Sloman, 1985; Sloman, 1987).

4.2 Examples of agent architectures

Normally agent designers do not intend to meet all the requirements outlined above

but attempt to meet only a subset. The requirements vary depending on research
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goals. For example, designers of reactive architectures attempt to meet requirements
for robust and quick responses to environmental contingencies, designers of deliber-
ative architecture attempt to meet requirements for problem-solving and planning
capabilities in novel situations, and designers of reactive-deliberative architecture
attempt to integrate both kinds of capabilities within a single control framework.
There are many examples of all these kinds of architectures in the AT literature. The
following sections critically review a small subset of those designs, concentrating on

reactive-deliberative architectures.

4.2.1 Deliberative architectures

Very briefly, deliberative agent architectures are programs that perform something
like deductive reasoning in order to solve problems, such as classical planning sys-
tems (e.g., STRIPS, NOAH, NONLIN etc., see chapter 9 of (Charniak & McDer-
mott, 1985)) or models of cognition, such as GPS (section 5.7 of (Charniak &
McDermott, 1985)), the SOAR architecture (Laird, Newell & Rosenbloom, 1987;
Newell, 1990), Anderson’s ACT-R, (Webmaster, 1996) and blackboard architectures
(see section 2.2.2 of (Beaudoin, 1994)). Such systems can be usefully conceived as
agents when they attempt to control parts of a real or simulated world. For ex-
ample, Nilsson’s SHAKEY the robot (Nilsson, 1984) used a STRIPS-style planner
to plan its behaviour. Deliberative architectures tend to work on a single task at
a time and do not interleave deliberation with action. Normally they manipulate
declarative representations of possible actions, including representations of states of
affairs, such as action preconditions and consequences. Deliberative architectures
perform search to find solutions to problems. For example, a planning system can
construct a plan to achieve a goal by searching for the ordered list of primitive

actions that transforms an initial state into a goal state.

4.2.1.1 Problems with disembodied deliberation

The paradigm domain for early planning systems was ‘blocksworld’, a world con-
sisting of a number of blocks that the agent may stack. The planning agent is the
only active entity in the environment and the configurations of the blocks are pre-
cisely known at all times. ‘Blocksworld’ does not require fast responses and does
not change while the planner deliberates.

Problems arise when deliberative architectures are placed in dynamic domains

that impose real-time constraints on action. For example, if an agent cannot be
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certain of the effects of its actions, cannot make the assumption that the world
will remain static while it thinks, and cannot assume it knows everything about the
world, then a purely deliberative architecture will fail (Lyons & Hendriks, 1992). For
example, a planning agent may construct a plan based on out-of-date assumptions
about the state of the world. Execution of such a plan is unlikely to achieve the
agent’s goal.

Much of the criticism directed at deliberative architectures, particularly from
designers of reactive systems, is misplaced because deliberative systems do not at-
tempt to meet requirements for operation in dynamic domains. The designers of de-
liberative systems have rightly abstracted from the problems of real-time behaviour

and concentrated their efforts on the problems of intelligent deduction.

4.2.2 Reactive architectures

In reaction to the unrealistic assumptions of classical planning, such as the assump-
tion of an unchanging, static world, a new design paradigm arose in the mid-eighties,
the behaviour-based approach (Lyons & Hendriks, 1992), which sought to situate
and test agents within unpredictable, changing and preferably real world domains.
Brooks (Brooks, 1990; Brooks, 1991b) argued that agents should be composed of re-
active modules directly coupled to sensing and acting apparatus, where each module
produces a particular behaviour, rather than collections of modules, such as a sens-
ing, acting, and planning modules, that interact to produce overall behaviour. In
other words, the agent should be composed of behaviour-producing modules. The
subsumption architecture (Brooks, 1991a) is an example of this approach. Each
behaviour module is a connected to others via wires that form a layered archi-
tecture. There is no explicit representation of goals or other symbolic structures.
Some behaviour modules inhibit or prevent others, ‘subsuming’ the lower level be-
haviour into a higher level synthesis. For example, the behaviour chase-light could
be subsumed by a higher level behaviour avoid-obstacles to synthesise the composite
behaviour of chasing a light and avoiding obstacles.

Agre & Chapman (1987) describe Pengi, an agent that plays a commercial ar-
cade video game called Pengo, a domain that places real-time demands on agent
functioning. The design of Pengi is motivated by a theory of activity that empha-
sises the importance of routines in the dynamics of everyday life. A routine is a
frequently used pattern of interaction between an agent and its world. In addition
to routines, a simple way of representing the world is introduced, variously called

indexical-functional aspects, indexical representation (Chapman, 1989) or deictic
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representation. A deictic representation represents only what is necessary, immedi-
ate and functionally important to the agent in its current situation. For example,
instead of representing the location of a block using absolute coordinates, such as
(AT BLOCK-213 427 991), Pengi will employ unitary entities such as the-block-
I’'m-pushing that gain semantic significance within a particular action context.

The Sonja system (Chapman, 1990) is another example of a reactive architec-
ture. Sonja is an agent operating in the Amazon domain (a 2-d world of walls,
treasures, and mobile opponents). She has various tasks to perform and a human
instructor can help and guide Sonja via natural language commands. Sonja has
the ability to interleave various courses of action but, like Pengi, uses no explicit
representation of plans. The system is implemented as a digital circuit with explicit
connections between sub-elements and direct connections to sensory variables. The
design motivation is that the world is its own best model and therefore it is more
efficient to look at the current, concrete situation for action selection than relying
on deliberation and complex, internal models of the real world.

The behaviour-based approach is concerned with building architectures that are
robust and successful in real world domains. The approach eschews traditional plan
representation and execution. The strength of behaviour-based architectures lies in
their ability to use local patterns of activity in their current surroundings as a basis

for generating predefined or simple to compute action responses.

4.2.2.1 Problems with the behaviour-based approach

Brooks (1991b) states that intelligent activity does not require representations.
Agre & Chapman (1987) state that in practical activity representations mostly ‘get
in the way’.

Indexical-functional representations are undoubtedly useful. They may be a phy-
logenetically older form of representation well suited to routine activity and simple
stimulus-action responses on the level of insect-like intelligence. However, explicit
representation schemes are needed for more complex control tasks and behaviours,
such as referring to the past or future.

An implicit assumption hidden in the statement that the ‘world is its own best
model’ is that perception is the sole source of information about the world. A
‘concrete’ situation for an agent also includes its own internal environment: beliefs,
desires, memories and so on. In many instances action selection will be more easily
achieved by ‘looking’ at past experience rather than the immediate, external envi-

ronment; for example, a rat will press a blue button rather than a red button if it
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associates pressing the red button with a memory of an electric shock.
Behaviour-based approaches do not solve the problems of action selection. Chap-
man (1990) claims that ‘the problem of action selection is easy and has been overem-
phasised’ as ‘Sonja performs actions because they make sense in concrete situations,
not because they are the next step in a program’. This is clearly a case of solving
a problem by avoiding it: the requirements for Sonja are such that it is not faced
with the problem of multiple motives, or even multiple strategies for achieving the
same action outcome. For example, Sonja has no long term goals and therefore the
problem of such a goal conflicting with the demands of the immediate situation can-
not arise. The problem of action selection is effectively factored out. Also, action
selection often requires forward planning using hypothetical reasoning to search for
solutions. For example, Sloman (1996b) uses the example of crossing a busy road to
demonstrate this: if a person cannot cross a busy road they may consider walking
to a pedestrian crossing, using the button to stop the traffic, crossing, and then
walking back up the road. There may be two pedestrian crossings, one to the left
and one to the right. Choosing between them may involve analysing both routes
prior to action. The Sonja architecture is incapable of providing this functionality.
The behaviour-based design prescriptions ignore the fact that humans frequently
plan their activities, for example planning a holiday, and frequently think about
possible, rather than actual, situations. This kind of functionality is necessary for
intelligent behaviour. The assumption that non-trivial behaviour can be strictly
situationally determined has yet to be demonstrated. It is inconceivable how any
behaviour-based architecture could cope with novel global task constraints, such as
deadlines. Behaviour-based architectures make use of world regularities at design-
time (by pre-compilation of action selection in the connectivity of wires) but make
no provision for discovering such regularities at execution-time (Pryor, 1994). (Nor-
man, 1994; Norman & Long, 1995) illustrates how a behaviour-based system will
become inefficient when a multiple-goals requirement is introduced and argues that
a symbol manipulating mechanism is necessary to overcome this drawback.
Etzioni (1993) describes how simulated domains, such as the UNIX operating
system, can satisfy all the real world requirements that Brooks deems necessary
for situated activity; and he also makes the important point that designing and
implementing ‘softbots’, or simulated, software robots, is a much speedier process

than building real, physical machines.
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4.2.3 Reactive—deliberative architectures

Reactive—deliberative architectures are concerned with combining reactivity and de-
liberation, and are an attempt to integrate the desirable features of both deliberative

and reactive architectures.

4.2.3.1 Reactive action packages: Firby

Firby (1987) notes that having to choose actions at execution time is unavoidable in
a complex, dynamic domain; that is, reactive execution must occur at some level in
any autonomous system to maintain robustness. An agent cannot plan completely
in advance: uncertainty prevents correct reasoning, and urgency constrains the
time available for such reasoning. Reactive planning of some kind will therefore be
needed. A more deliberative, classical planning scheme could then be implemented
upon such a reactive ground.

Consequently, Firby (1989) has proposed a model of purely reactive planning
based on the concept of Reactive Action Packages, or RAPs. Each RAP can be
viewed as an independent entity embodying a goal that competes for processing
resources with other RAPs.

A RAP may contain explicit sensory tasks within its plan allowing the same plan
execution mechanism to deal with action execution and sensory guidance. Each
RAP obeys three principles while running: which action to execute next is based
only on the current world state, when a RAP completes execution it is guaranteed
to have satisfied its goal, and a RAP will only fail if it does not know of any way to
reach its goal from the current state. Each RAP has a pre-defined set of methods
for achieving a goal and only need choose between these methods, called the task
net, rather than construct new ones. A RAP, therefore, is a structure that links a
goal, a success test for achievement of the goal, a collection of methods to achieve
the goal applicable in different contexts, and invocation conditions that determine
when a particular RAP is appropriate.

The RAP control algorithm is designed to address the problem of execution
monitoring and replanning in uncertain domains. A RAP interpreter and execution
queue provide a mechanism for coordinating competition between RAPs. Such a
scheme allows interleaved RAP execution as, for example, when a running RAP
stops and returns to the execution queue to wait for a subgoal to complete; in this
situation the interpreter can choose another RAP to run in its place. The problem

of goal selection, or choosing which RAP to run next, is based on temporal deadlines
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and an ordering on RAPs made by task nets.

Two limitations of the RAP system are discussed by Firby. A RAP may fail
without preventing the original conditions in the world from re-generating the failed
RAP. This could lead to an indefinitely long loop. Also, the RAP system cannot
think ahead. Both these limitations point to the need for an extra layer of control
that places constraints on RAP behaviour prior to execution; in other words, neither
urgency or uncertainty obviate the need for more deliberative decision making.
Hence, in (Hanks & Firby, 1990) the RAP system is extended by considering the
extra, deliberative layer of control needed in an autonomous agent.

The addition of planning ahead and reasoning abilities generates two new de-
sign problems: how to deliberate, and how to coordinate deliberation and reactive
execution. This problem is further divided into the representation problem (how
to model a complex and dynamic world) and the control problem (how to manage
such information so that the agent acts effectively and efficiently). Any solution to
the control problem must be able to curtail the deliberation process at any time
in order to guarantee reactivity. Hanks and Firby believe that the combination of
an execution system based on RAPs and a deliberation system based on a proba-
bilistic world model manager and projector will meet this criteria. Their layered
architecture is still in development and they provide few details of the deliberation

system.

4.2.3.2 TouringMachines: Ferguson

Another example of a reactive—deliberative architecture is Ferguson’s TouringMa-
chine (Ferguson, 1992). The TouringMachine is an integrated software control ar-
chitecture designed for controlling the actions of autonomous agents operating in
complex environments; in particular, the TouringWorld, a multi-agent traffic do-
main. The design consists of separate activity producing behaviours in a layered
control framework, which resembles the behaviour-based approach of Brooks. How-
ever, there the similarities end: the TouringMachine uses explicit goal and plan
representation, and each activity producing layer is not a simple control system
connected via wires, but a more or less sophisticated control algorithm.

The TouringMachine has three different control layers: a reactive layer, a plan-
ning layer and a modelling layer. All layers operate concurrently and are connected
independently to sensory input and effector output. Each layer is intended to model
the agent’s environment at a different level of spatio-temporal abstraction.

For example, the reactive layer provides the agent with reactive capabilities to
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cope with immediate or short term contingencies that higher level layers would
have insufficient time to compute responses to. In Ferguson’s implementation the
reactive layer is hard-wired and domain-specific.

The planning layer generates and executes plans of action to achieve the agent’s
goals. Use is made of sketchy, procedural plan structures and the system can defer
commitment to a specific subplan until run-time.

The modelling layer’s function is to attempt to detect and predict potential goal
conflict situations. Using knowledge about its own functioning the TouringMachine
is able to project this knowledge onto other entities in the environment and model
their behaviour. The modelling layer, therefore, provides the agent with limited
reflective and predictive capabilities.

The integration of the three layers to produce consistent behaviour is achieved
using a control framework. This control framework consists of a set of control
rules, called suppressors and censors, that resolve perception and action command
conflicts arising from instructions sent from different layers.

The TouringMachine architecture has been implemented and extensively tested
in the TouringWorld testbed. However, many of the planning problems in the
TouringWorld are problems of navigation: how to get from A to B, how to avoid
collisions, how to arrive on time and so forth. The proposed architecture may be
robust in such a domain but may not generalise to richer domains. For example,
the control framework, consisting of control rules, shunts the control problem into a
large collection of exception rules that could prove unwieldy when the architecture
is scaled-up (the more the agent does the more control arbitration is needed between
active systems). The focus of attention mechanism (i.e., deciding what to concen-
trate processing resources upon) relies on a ‘relatively static focusing rule set’. In
other words, there is no disciplined way of controlling attention in this architecture.
For example, unlike Sloman and Beaudoin’s agent architecture (see section 4.4), no

explicit distinction is made between the urgency and importance of goals.

4.2.3.3 PARETO: Pryor

PARETO (Pryor, 1994) is a plan execution system that operates in an uncertain
and dynamic environment. The design of PARETO is motivated by the view that
information gathering and opportunity taking are essential aspects to planning in an
unpredictable domain. In addition, PARETO makes decisions on the fly, filling in
the details of sketchy plans at execution time. The system recognises opportunities

and threats to its current goals during plan execution by using a heuristic based on
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reference features, explained below.

Pryor makes a distinction between the types of decision a planning system will
need to make: those that are deferred and those that are unforeseen. Deferred deci-
sions arise due to the unavailability of required information during plan formation.
Deferred decisions, therefore, will require information gathering at execution time.
The Cassandra system (Pryor & Collins, 1993) was designed to solve this problem in
a traditional planning system by including explicit decision and information gather-
ing steps within plan representations. PARETO, however, was designed to address
the problem of unforeseen decisions, which are due to the unpredictability of the
environment. Such decisions require opportunity taking, which involves detecting
when an unforeseen situation is helpful for achieving a goal (an opportunity) or
harmful to a goal (a threat).

PARETO recognises opportunities (and threats) by using a filtering process
based on reference features (Pryor & Collins, 1992). Reference features label func-
tional stability, that is, they mark the functionally important aspects, relative to
the agent’s goals, of the elements that comprise a situation. For example, an agent
may have an interview for a job and notice that a thread is showing on their jacket.
Before entering the interview room the agent spots a pair of scissors on a desk;
immediately, the agent uses the scissors to cut the thread. Thus an opportunity is
detected and taken. The reference feature used in this situation would have been
the functional label sharp. The goal to cut the thread would have been labelled
with sharp as one of its reference features, therefore something sharp would be con-
nected to the goal of cutting the thread. Importantly, the perceptual recognition
of scissors would have generated the reference feature sharp. A simple matching
process would then detect the opportunity. Such reference features are argued to
be cheap to infer and readily available to the agent as they are already computed
in the normal course of perception and situated activity.

A hypothesis — the critical factor hypothesis — underlies the use of reference
features. It states that the presence of a single factor is often crucial for the ex-
istence of an opportunity in a given situation (the presence of sharp in the above
example). The critical factor hypothesis maintains that many situation elements
remain constant across many different situations. The use of reference features or
similar would provide a mediating representational scheme between, for example,
Agre and Chapman’s diectic representations and traditional goal representations.

Pryor (1994) anticipates such a possibility:

Reference features form the basis of an effective filter for opportuni-
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ties because they constitute an intermediate level of conceptualising the
world between the physical vocabulary provided by perception and the

functional vocabulary required to reason about goals.

The PARETO plan execution system is based on Firby’s RAP system, extending
it via a layered control architecture consisting of a robot control, plan execution and
reasoning layer. It operates in the TRUCKWORLD domain consisting of a road
system, various storage buildings, building sites in need of materials and a delivery
truck.

No methodology is provided for choosing the reference features of situation el-
ements, and it appears that they may have been chosen in an ad hoc fashion.
However, addressing this problem is an instance of the more general problem of in-
tegrating learning and the acquisition of reference features, an area Pryor highlights
for future research. A central claim for the opportunity taking filter process based
on reference features is that it is computationally inexpensive; however, no mathe-
matical argument is provided to support this claim. Such an analysis could show,
for instance, that there is no combinatorial explosion of reference feature matching.

A reference feature mechanism for opportunity taking will need to be augmented
by more sophisticated, deliberative reasoning. PARETQ’s reasoning layer, although
not implemented, is designed to address this issue. The use of reference features is

an elegant and simple solution to the problem of opportunity taking.

4.2.3.4 TRP architectures: Benson and Nilsson

Benson & Nilsson (1995) describe a sophisticated agent architecture that can act
reactively, select between multiple competing goals, plan novel action routines, and
observe the effects of its own actions in order to produce more robust plans. It
operates in a simulated domain called Botworld, which consists of robots, obstacles,
and moveable bars.

Benson and Nilsson identify four main requirements for their agent. First, the
agent needs to react rapidly to commonly occurring situations that require stereo-
typical responses. Nilsson’s teleo-reactive program (TRP) formalism (Nilsson, 1994)
addresses this requirement by implementing the agent’s plan steps as small reactive
‘packages’ that direct the agent toward a subgoal in a manner that continuously
takes into account changing environmental circumstances. The formalism is also
similar to Firby’s RAPs and is described in more detail in section 5.3.2.

Second, the agent needs to switch attention between multiple goals with different
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time constraints. At any one time a number of goals may be active and may suggest
incompatible actions. The agent must select which goal is to control behaviour.
Benson and Nilsson, drawing on work in reinforcement learning, associate a reward
with the achievement of a goal condition. Rewards may vary between goals and
between contexts. The attention mechanism selects a goal that promises the highest
reward that can be achieved with little effort as soon as possible; that is, the m active
goals are ordered such that the sum Y7 R;T;, where R; is the reward for goal i
and T; is the earliest time at which 7 is expected to be achieved, is minimised (this is
an approximation to maximising discounted future reward in delayed reinforcement
learning). However, a problem with this approach is that the agent will exhibit
inflexible behaviour: it will prefer a single high reward goal to a set of medium
reward goals that may be easier to achieve sooner rather than later. Neither will

the agent exploit opportunities:

. if one of the agent’s lesser goals is to deliver a certain library book
to a far-away office, it will not realize that it can save time by picking
up the book while it happens to be in the library for some other reason

(Benson & Nilsson, 1995).

These problems are avoided by introducing the concept of a stable node. A
stable node is a condition that continues to hold relative to a set of actions (TR
programs). For example, the condition that an agent holds a book is stable to many
TR programs, assuming that the agent has unlimited carrying capacity. But the
condition that the agent is in the library is not stable to any TR program that
involves leaving the library. (The authors associate STRIPS-style add and delete
lists with each TR program. Therefore, a node is stable relative to a set of TR
programs if the node condition does not appear in any of the delete lists of the TR
program actions.)

Stable nodes function as milestones towards achieving a goal condition. The at-
tention mechanism, instead of minimising ;" | R;T;, minimises Y. | R;T#™, where
T;7™ is the estimated time required to achieve the closest stable node in goal i’s TR
program. Therefore, the agent will work towards achievable milestone conditions
that are unlikely to be negated during subsequent action. For example, if the agent
is in the library and has two goals, one which is very urgent and involves leaving the
library, and one which involves delivering a book to a far-away office, then a close
stable node will be the condition that states that the agent is holding the book.

The delivery task may have a high value of R;/T}™ compared to other goals, re-
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sulting in the agent deciding to pick up the book before leaving the library. Benson
and Nilsson report that this mechanism chooses intuitively reasonable actions in a
variety of Botworld situations.

Third, the agent needs to plan for novel contingencies and augment or modify its
set of teleo-reactive programs. The TRP architecture can generate new hierarchical
plans and extend existing plans, expressed as TR programs, to handle unexpected
circumstances. For example, the agent may encounter situations that are not cov-
ered by the constituent conditions of a TR program. The planner can extend the TR
program to deal with the new situation by repeatedly performing backward chain-
ing reasoning from the current TR program condition until the novel condition is
reached. The result of this operation is a new TR program segment that specifies
actions to perform when the novel condition holds. This is similar to chunking
in SOAR: when a goal impasse is reached, SOAR searches for the combination of
existing rules that solve the impasse. When a combination is found this solution is
‘chunked’ into a new, higher level rule that can be used in similar situations in the
future.

Fourth, the agent needs to be adaptive, able to change itself to meet new de-
mands or improve upon its current behaviour. A major advantage of the TR archi-
tecture over the other architectures reviewed in this section is its ability to learn.
The architecture can observe the environmental effects of its own actions and use
this new information to construct new plans. The agent can explore its environment
trying out different combinations of actions in different situations. Exploration can
lead to the construction of new TR programs. The technical details of the learning
algorithm are not reproduced here (but see (Benson & Nilsson, 1995)).

Benson and Nilsson have successfully managed to integrate a number of desir-
able capabilities within a single agent architecture. Of particular importance is
the TR program formalism (see section 5.3.2) that combines features of reactivity
(continual monitoring of environment and predefined responses to contingencies)
with features of classical planning (hierarchical and recursive plans, free variables,
add and delete lists etc.), and the attention mechanism that selects goals based
on reward, expected completion time and stability of milestones. In addition, the
architecture can support a form of learning.

However, as the number of active goals increases the computation required for
selecting goals is likely to become more expensive (e.g., the more active goals, the
more computation is required to discover stable nodes, and the more computation

is required to order goals). For timely responses the architecture would need to
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concentrate attentive resources on a subset of the goals. Currently, the TRP archi-
tecture has no mechanism to do this. Also, it is not clear how the TRP architecture
could meet deadlines, such as a goal to catch a train at a specified time. The
selection of goals is based on a heuristic of high reward sooner rather than later;
therefore, situations could occur where the agent pursues a rewarding goal at the

expense of a less rewarding deadline goal, resulting in, for example, a missed train.

4.2.3.5 Procedural reasoning systems: Georgeff

Georgeff’s Procedural Reasoning System (PRS) (Georgeff & Ingrand, 1989) aims
to achieve a balance between acting and decision making. It has many features
in common with Firby’s RAP system but is designed to provide more powerful
mechanisms for balancing decision making requirements against the constraints on
time and information that are typical of complex domains.

PRS consists of a database containing the current beliefs or facts about the
world, a set of current goals to be realised, a set of plans (called knowledge areas)
describing processes for achieving goals, and an intention structure containing plans
chosen for execution. An interpreter manipulates these components, selecting ap-
propriate plans based on the system’s beliefs or goals, and places these plans on the
intention structure for execution.

PRS is an example of a BDI-architecture (Belief-Desire-Intention architecture)
(Rao & Georgeff, 1991b; Rao & Georgeff, 1991a), which is a formalisation of an
autonomous agent based on a branching-time, possible-worlds model of behaviour.
Although this formalisation restricts the flexibility of the agent by requiring the
agent’s intentions to be consistent, the authors argue it is useful for characterising
the major components of an autonomous agent. Informally, Beliefs are all the
statements the agent believes are true in the world, Desires are all the states-of-
affairs the agent would like to bring about in the world (including its own processing)
and Intentions are commitments to action formed from the interaction of Beliefs and
Desires. Any architecture that has explicit representations of Beliefs, Desires and
Intentions can be viewed as an instantiation of a BDI-architecture.

Goals in PRS are specified using procedural logic. The use of a procedural logic
is motivated by the belief that much commonsense knowledge about the world is
in the form of procedures or sequences of actions for achieving goals. In brief, the
procedural logic is concerned with processes, making use of such temporal operators
as Ip (make proposition p true), ?p (test p) and #p (preserve p), which can be

combined with other conditions in an arbitrarily complex way. The operators of

50



many standard planning systems, such as NOAH, SIPE and so forth, are restricted
forms of these process descriptions.

Each element of procedural knowledge, or knowledge area (KA), is a belief of
the system about the utility of performing certain action sequences in particular
contexts. The KA consists of an invocation condition and a body. The interpreter
matches system beliefs to KA invocation conditions. If unification occurs the KA
can be instantiated and chosen for execution (i.e., become an intention), its variables
bound to the current context and its body run. At any one moment, the intention
structure can contain a number of intentions, some of which may be suspended,
conditionally suspended or deferred. Subgoals of executing intentions are posted as
new goals of the system; otherwise, primitive actions are directly executed.

Goal descriptions are not restricted to specifying desired behaviours in an ex-
ternal world but can also apply to the internal behaviour of the system. These
descriptions are called metalevel goal specifications and have corresponding met-
alevel KAs — that is, information about the manipulation of the beliefs, desires and
intentions of the PRS itself. For example, metalevel KAs could include various
methods for choosing amongst multiple applicable KAs, modifying and manipulat-
ing intentions, and computing the amount of reasoning that can be undertaken given
the real-time constraints of the problem domain (i.e., decision-theoretic control and
goal selection knowledge can be encoded within KAs).

The interpreter is relatively inflexible yet can be overridden whenever the system
can bring more powerful decision-making knowledge to bear. Such knowledge is
encoded in metalevel KAs and can be invoked when needed; however, these processes
are themselves interruptible; therefore, reactivity is maintained.

The PRS architecture has been implemented within a physical robot concerned
with navigation and emergency tasks (Georgeff & Lansky, 1989) and has also been
used for fault isolation and diagnosis in the Space Shuttle.

The features of PRS that Georgeff believes have contributed to its success are its
partial planning strategy (not examined here), its reactivity, its use of procedural
knowledge and its metalevel, or reflective, capabilities.

One problem with the PRS system as it stands is the metalevel KA invocation
problem. The interpreter checks for invocation conditions once every cycle and
problems can arise when invocation conditions for a particular KA are asserted
during the cycle. The KA, therefore, may be invoked late or — if the conditions
cease to hold before the next unification process — not at all.

An attractive feature of the PRS architecture is the simplicity of its interpreter
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and the addition of extra control knowledge in metalevel KAs.

4.3 Three forms of control

By abstracting from the design details of the agent architectures reviewed and
including design considerations from the natural world it is possible to identify
three major types of control in information processing control systems: reactive,
deliberative and meta-deliberative (Sloman, 1996f). This taxonomy provides a high
level common framework for the agents reviewed in this chapter.

The three different types of control represent different degrees of causal coupling
between agent information states and environmental states. Reactive control, when
compared to deliberative control, is highly coupled to the environment. For exam-
ple, a negative feedback control loop will immediately respond to actual changes
to an input signal, whereas a deliberative planning system may produce plans in
response to possible changes to inputs. In addition, a planning system may operate
at a level of generality that is invariant to most environmental contingencies. For
example, a plan to go shopping may abstract from the problems of walking, avoiding
obstacles, maintaining balance, and so forth: deliberative control primitives may be
implemented as complex sequences of reactive controllers. Meta-deliberative con-
trol, which is control of internal information states, is highly decoupled from the
environment.

Kiss (1992) discusses variable coupling between agent and environment states.

His analysis is very similar to the one given here.

4.3.1 Reactive control

Reactive forms of control, unlike deliberative control, cannot explicitly construct
representations of alternative possible actions, and evaluate and choose between
them prior to performance. Reactive architectures are characterised by relatively
inflexible links from perception to action that immediately activate on the sat-
isfaction of predefined conditions. Normally there is continual vigilance for the
satisfaction of those conditions (Lyons & Hendriks, 1992). Different behaviours are
mediated by different dedicated coexisting circuits normally operating in parallel.
Such dedicated circuits do not store much enduring state as they are required to
react very quickly to new environmental contingencies. At this level of control ‘it is
better to use the world as its own model’ (Brooks, 1991b). Control conflicts between

reactive systems are resolved via predefined hierarchical relations, such as subsump-
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AN ARCHITECTURE FOR A REACTIVE AGENT

Automatic processes \

\
[ THE ENVIRONMENT

Figure 4.1: An architecture for a reactive agent

tion (Brooks, 1991b), summed weights, simple ‘voting’, gating, or inhibitory and
excitatory links. Reactive control evolved to respond to aspects of niches that are
invariant over long time scales, such as the requirements for locomotion, including
aspects that require speedy responses, such as the requirements for avoidance of
looming objects.

Examples of reactive control are Brooksian behaviour-based architectures, Maes’
spreading activation networks (Maes, 1989; Maes, 1991), the routines of Agre and
Chapman, insect flight, and automatic and reflex behaviours in humans, such as low
level motor control processes. Figure 4.1 (taken from (Sloman, 1996¢)) is a rough
sketch of a reactive architecture with dedicated links from perception to action.
Engineering control system theory is primarily concerned with reactive forms of
control, such as open and closed loop systems describable by differential equations.

Sloman claims that there are some aspects of emotion that we share with many
other animals that depend on reactive subsystems of the brain. Examples include
being startled, terrified, thrilled, distressed by extreme pain, disgusted by horrible

tasting food, sexually aroused, and so forth (Sloman, 1996e).

4.3.2 Deliberative control

Deliberative control, unlike reactive control, can explicitly construct representa-
tions of alternative possible actions, and evaluate and choose between them prior

to performance, allowing much more flexible behaviour (Sloman, 1996f). Such rep-
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AN ARCHITECTURE FOR A DELIBERATIVE AGENT
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Figure 4.2: An architecture for a deliberative agent

resentations may have complex syntactic forms and refer to things not present to
the senses. Deliberative control can respond to novel environmental contingencies;
that is, construct responses to events that may not activate or match predefined
conditions or may not have predefined responses. Deliberative control requires a
more or less abstract model of the world in which proposed actions can be tried out
in advance prior to actual performance, enabling the agent’s hypotheses to die in its
stead!. Trial and error within a world model requires the construction and storage
of qualitatively different temporary information structures, such as proposed goals
and plans, and possible future consequences of actions. Therefore, unlike reactive
control that has dedicated circuitry for classes of events and corresponding reactions,
deliberative control cannot preallocate hardware resources but instead must use a
general purpose information store that may be written and overwritten. There-
fore, if the agent is to meet a requirement for reactivity in addition to deliberation,
problems of handling limited resources arise: there may be too many demands on
the information store requiring mechanisms for selecting what processing tasks are
more pressing or important.

Examples of deliberative control are the planning and problem-solving capa-
bilities of humans, and the kinds of deductive reasoning exhibited by artificial

intelligence ‘classical’ planning systems, such as STRIPS, or the problem solving

I This sentence paraphrases Karl Popper’s assertion that trial and error learning within a world

model ‘permits our hypotheses to die in our stead’ (quoted in (Mook, 1987)).
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capabilities of the SOAR architecture. Examples of architectures that begin to com-
bine deliberative control and reactive control are Firby’s RAP system, Ferguson’s
TouringMachines, Pryor’s PARETO, the Oz Project’s HAP (Loyall & Bates, 1991;
Reilly, 1993), Hayes-Roth’s Intelligent Adaptive Systems (Hayes-Roth, 1990; Hayes-
Roth, 1991a; Hayes-Roth, 1991b; Hayes-Roth, 1993b; Hayes-Roth, 1993a), Fehling’s
heuristic control virtual machine (Fehling, Altman & Wilber, 1989), Georgeff’s PRS
and Benson and Nilsson’s TRP architecture.

Figure 4.2 (taken from (Sloman, 1996c)) is a rough sketch of a deliberative
architecture that subsumes a lower level reactive architecture. An attention fil-
ter protects deliberative resources from demands that may not be very urgent or
important. Engineering control system theory, which is normally concerned with
quantitative measurements of environment variables, does not usefully apply to de-
liberative control systems that can create and manipulate symbolic representations
of complex actual and possible states of affairs.

Emotional states, such as being anxious, apprehensive, relieved, and pleasantly
surprised depend on deliberative capabilities in which plans can be created, in-

spected and executed.

4.3.3 Meta-deliberative control

Meta-deliberative control involves the monitoring and control of deliberative con-
trol; that is, unlike deliberative control that is essentially concerned with control
of the environment mediated by a world model, the objects of meta-deliberative
control are internal information processing states and processes. Meta-deliberative
control may involve such generic tasks as ensuring that deliberation does not fail
in too many tasks, ensuring that a particular goal does not interfere with other
goals, avoiding wasting too much time on unsolvable problems, detecting process-
ing conflicts between deliberative processes and arbitrating, detecting problematic
emergent states, and so forth.

Examples of meta-deliberative control are the kinds of self-monitoring and self-
evaluating capabilities of humans, for example realising that one is unjustifiably
angry and attempting to stop being angry or ensuring that the anger is not acted

upon. Sloman (1996f) states that:

Although such a meta-management [meta-deliberative] system may have
a lot in common with a deliberative sub-system, the point of making

the distinction is that the deliberative mechanisms could exist without
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[these] kinds of self-monitoring and self-assessing capabilities.

There are no convincing examples of artificial architectures exhibiting meta-
deliberative control, though Beaudoin (1994) analyses several of the requirements
for such an architecture. Figure 4.3 (taken from (Sloman, 1996¢)) is a rough sketch
of a deliberative architecture with a meta-deliberative controller (labelled ‘meta-
management’). The diagram is fully explained in the next section.

Emotional states such as feeling humiliated, infatuated, guilty, or full of excited
anticipation, in which attempts to focus attention on urgent or important tasks can

be difficult or impossible, require an architecture with meta-deliberative control.

4.4 Sloman and Beaudoin’s design for human-like
autonomy

This section describes the high level features of the Cognition and Affect project’s
(C&AP) design for human-like autonomy, a design that informs all our work. It is
based on many facts about human capabilities, considerations regarding the evolu-
tion of intelligence, engineering design considerations inspired by reflection on the
limitations of current AI systems (Sloman, 1996f), and a requirements analysis for
an intelligent system able to handle multiple motives in a complex and continu-
ally changing environment. It exhibits all three forms of control identified in the
previous section. Much of the specification is still provisional in that work on im-
plementations may reveal serious problems. Also, the design is intended to be a
model of mind: the high level functional decomposition of the design is a theory of
the high level functional decomposition of the human mind. However, the theory is
speculative in that empirical checking has not yet been attempted and may be very
difficult.

The majority of the design work is due to Aaron Sloman and Luc Beaudoin. It
has been described elsewhere, notably in (Beaudoin, 1994), summarised in (Beau-
doin & Sloman, 1993; Sloman, Beaudoin & Wright, 1994; Wright, Sloman & Beau-
doin, 1996), and first elaborated in (Sloman, 1978; Sloman, 1985). It is partly
inspired by Georgeff’s Procedural Reasoning System (Georgeff & Ingrand, 1989;
Georgeff & Lansky, 1989; Rao & Georgeff, 1991b; Rao & Georgeff, 1991a), but allows
a richer mental ontology, including asynchronous goal generation, more coexisting
concurrent sub-mechanisms, a richer set of representations relating to motivators,

an attention filtering mechanism, and reactive, deliberative and meta-deliberative
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forms of control. A full account of the design would be too long for this thesis, so

the account concentrates on the processing of motivators.

4.4.1 Motive processing

TOWARDS AN ARCHITECTURE FOR MOTIVATED AGENTS

META-MANAGEMENT
processes

inner
perception

RESOURCE-LIMITED REFLECTIVE

OCESSES

Variable
Motive _ threshold
activation attention
\ filter
4 Feedback

‘ -
Reflexes (some learnt)

\
[ THE ENVIRONMENT

Figure 4.3: Towards an architecture for a motivated agent

The summary of the agent architecture is taken from (Wright, Sloman & Beaudoin,
1996).

The term ‘motivator’ is used to refer to a subclass of information structures
with dispositional powers to determine action (both internal and external). This
subsumes desires, goals, intentions and wishes. The precise definitions of these
structures and their powers can be given only in terms of the architecture, which is
roughly sketched in figure 4.3: an impressionistic diagram. Within this architecture,
motivators can be generated or re-activated asynchronously as a result of internal
or external events, and can generate processes of varying complexity, including
evaluation, prioritisation, selection, planning, plan execution, plan suspension and

more.
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The large shaded area in 4.3 represents ‘automatic’ and reactive processes (asso-
ciative memory, low level sensory analysis, low level motor control processes, innate
and trained reflexes) all implemented in highly parallel dedicated (but trainable)
‘hardware’. The management processes involve deliberative forms of control, and
meta-management, processes involve meta-deliberative forms of control.

The architecture has the following components (among others), which coexist
and operate concurrently. Many of these components require a depth and complex-
ity that cannot be described here.

Perceptual mechanisms. These are extremely complex systems, which detect po-
tentially relevant sensory episodes and analyse and interpret them in terms of states
and processes in the environment, creating or modifying internal representations. A
perceptual control mechanism directs sensing operations. (Figure 4.3 oversimplifies
drastically.)

Database of ‘beliefs’. Information derived from perceptual representations, in-
ternal monitoring and reasoning processes is stored in a database or world model,
which acts as a store of information. This will include both specific and general
information, including a generic ontology for objects, processes, actions, and so
forth. It need not look anything like current computer databases, for instance if
implemented in a neural net. Planning may use temporary ‘what-if’ extensions to
this store.

A changing collection of motivators. A motivator is a semantically rich informa-
tion structure that tends to produce, modify or select between actions. It typically
expresses a motivational attitude (‘make false’, ‘keep true’, etc.) towards a possible
state of affairs (‘short of food’, ‘warm’; ‘in danger’, etc.), which may be expressed
in propositional or non-propositional from. Motivators have various associated in-
formation items, including urgency, importance and an insistence value (Sloman,
1987)2.

A new motivator’s insistence level determines its ability to penetrate a (variable
threshold) filter in order to be considered by management processes. Importance
helps to determine whether it is adopted as something to be achieved, if it is con-
sidered. In order not to divert scarce resources, mechanisms assigning insistence
values must work using simple ‘heuristic’ measures of importance and urgency.
Computing accurate measures of urgency and importance could be too slow and

computationally expensive, possibly diverting management processes which the in-

2There are many other motivator components not detailed here; see (Beaudoin, 1994; Sloman

& Poli, 1995).
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sistence mechanism is ‘designed’ to protect. However, insistence measures based
on fallible heuristics can sometimes cause ‘bad’ decisions about what should and
should not divert attention.

Pre-attentive and attentive motive generactivators (Beaudoin, 1994). These ex-
press agent ‘concerns’ (Frijda, 1986; Moffat & Frijda, 1995). They operate asyn-
chronously in parallel, triggered by internal and external events. They generate
and activate or reactivate motivators, and set or reset their insistence level. For
example, the concern to maintain fluid levels may activate a drink seeking moti-
vator. A simple type of generactivator could scour a world model for its ‘firing’
conditions, and when they are met a motivator is constructed and its insistence
level set. (However, this is inefficient. Indexing methods can avoid the need for
searching through a complete world model.) Other generactivators may be built
into the physiological control system or into perceptual mechanisms. Some may be
very abstract and general, for example reacting to states where another agent is
in difficulty and creating a desire to help. Some are innate, many are learnt and
culturally determined.

Variable threshold attention filter. An attention filter protects management pro-
cesses by allowing only items with insistence values ‘higher’ than the current filter
threshold to divert management processes. When first learning to drive, many find
it difficult to hold a conversation simultaneously, as all high level processes are re-
quired for driving and the filter threshold is set high. However, attention can still
be diverted by, say, the passenger screaming (loud noises can trigger high insistence
levels). Later, when the driver is an expert, lower level mechanisms derived from
earlier management processes control most of the driving. This reduces the man-
agement load, allowing a lower filter threshold and easier diversion of attention.
Filtering is content sensitive, with different thresholds for different contents (Beau-
doin, 1994): A baby’s cry can divert attention even when other loud noises do not.
Motivators that fail to surface may remain available, so as to take advantage later
of a lower filter threshold, or they may die unless continually reactivated by the
relevant generactivators. Motivators survive until they are satisfied or decay.

Motive management. Once a motivator has ‘surfaced’ it can cause many diverse
and complex processes, including: assessing (evaluating its importance, urgency,
costs and benefits etc.), deciding (whether to adopt the motive, i.e. form an inten-
tion), scheduling (when and under which conditions to act), expansion (how to do
it, i.e. planning), prediction (projecting the effects of hypothetical decisions), de-

tecting motive conflicts, detecting opportunities, abandoning a motive and changing
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filter thresholds. Information about current motivators (including intention struc-
tures discussed below) is stored in a ‘motivator database’. Only a limited amount
of parallelism is available for management processes.

Plans and other ‘databases’. The system will have many short term and long
term memories containing information about current, future, or possible activities.
In particular, certain goals require plans, and some re-usable plans will be stored
as well as information about how to create new plans. Other information stores
will include collections of particular skills, e.g. linguistic skills, mathematical skills,
skills relating to social activities, games, one’s job, and so forth. Some of this will
be stored in an opaque form among the pre-attentive mechanisms. Some will be
accessible to management processes. Some will be innate, others learnt, some fixed
and others modifiable.

Meta-management. A meta-management process is any goal-directed process
whose goal refers either to a management or to a meta-management process (Slo-
man, 1993a). Deciding whether to decide whether to adopt a goal, deciding which
management process to run now, deciding whether the agent needs to change its
current processing, determining whether all relevant issues have been considered,
deciding whether management processes are taking too long to arrive at decisions,
and detecting problematic processing states or episodes, such as detecting that
too much motive-swapping is occurring, are all examples of meta-management pro-
cesses, where motive management itself is the object of control. Meta-management
requires some degree of ability to monitor and change the management processes.
Conflicts can lead to ‘loss of self control’. Again, resources are limited. Meta-
management includes ‘self-monitoring’ functions.

Plan execution and effectors. Selected motivators are intentions. Executing
them may occur with or without planning, with or without high level management,
with or without monitoring. External actions are dispatched to an effector driver
that controls agent actions within the environment. Internal actions may produce
a succession of management states.

Global control mechanisms. An agent sometimes needs to modulate global fea-
tures of its processing, for instance speeding everything up in times of extreme
danger, slowing things down when losing energy too fast, generally being cautious
when the environment is unfriendly, not wasting time on caution when the envi-
ronment is generally friendly. Other more subtle global changes may be required
when the social context changes, for instance when an individual of higher status is

present. These global changes of state seem to be related to the colloquial concept of
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‘mood’. In humans it seems that some of these global mood states are implemented
in part at the chemical level (as shown by effects of drugs and hormones). Some con-
trol mechanisms may be ‘global’ only relative to a subset of a system: for example,
global changes in the ease with which unsuccessful attempts are abandoned.

The architecture is ‘broad’ in that it combines many different capabilities. It is

‘shallow’ in that the components are themselves not specified in any great depth.
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Chapter 5

MINDERI1: an
implementation of motive

processing

‘It is easy to build a philosophy — it doesn’t have to run.’
Charles F. Kettering

‘The moment of truth is a running program.’

Herbert Simon (1995).

This chapter describes a toolkit that allows rapid prototyping of agent designs,
a simulated microworld domain that serves as a demanding testbed for the agent ar-
chitecture, and the implementation itself, including the capabilities and behaviour of
the agent, and its three processing layers (reactive, management and metamanage-
ment). The final sections of the chapter explain the relevance of the implementation

to the AFP theory of emotion.

5.1 Sloman’s SIM_AGENT toolkit

For the C&AP’s work exploring architectural design requirements for intelligent
human-like agents, and other kinds, a facility is needed for rapidly implementing and
testing out different agent architectures. The SIM_AGENT toolkit (Sloman & Poli,
1995; Sloman, 1995f; Sloman, 1995¢), designed and implemented by Aaron Sloman,
and freely available on the internet, is designed to make it relatively easy to imple-

ment a collection of interacting objects and agents, where each object (or agent) has
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internal complexity represented as sets of concurrent interacting condition-action
rules that can invoke additional mechanisms of any kind, including ordinary proce-
dures, neural nets, theorem provers, databases, genetic algorithms, and so forth.

The toolkit has two main components: Poprulebase (Sloman, 1995¢) and the
SIM_AGENT library (Sloman, 1995¢; Sloman, 1995f). Poprulebase is a sophisti-
cated and very general interpreter for condition-action rules, written in Pop-11. It
is a forward-chaining production system interpreter, but provides a collection of
unusual facilities, including a smooth interface to neural net or other ‘sub-symbolic’
mechanisms, mechanisms for control to be transferred between collections of rules
as the context changes (allowing SOAR-like (Laird, Newell & Rosenbloom, 1987)
pushing and popping of contexts), and facilities for altering the allocation of pro-
cessing resources to different rulesets (Sloman, 1995d).

The SIM_AGENT library provides a set of base classes and scheduling mech-
anisms for running simulations involving a number of objects and agents whose
internal mechanisms are implemented using Poprulebase. The scheduler simulates
parallelism between agents and between subcomponents of agents. SIM_AGENT
makes use of the object oriented facilities provided in the Pop-11 Objectclass pack-
age, a CLOS-like extension to Pop-11 providing multiple-inheritance, generic func-
tions and so forth. Objects allow the production of re-usable, extendable software
modules and shareable libraries. The agent and domain about to be described have

been implemented using the toolkit!.

5.2 The minder domain

The nursery or minder domain is used in much of the C&AP’s work because it
imposes many tasks on the agent requiring the management of multiple motives
and the control of attention. The domain is analogous to a nursemaid or minder
in charge of a collection of babies (see (Beaudoin & Sloman, 1993))2, but highly
simplified in order to avoid the need to solve all the problems of AI, including
3-D vision, motor control, and naive physics. Simplification allows us to address
motive processing while avoiding problems best left to others (Beaudoin & Sloman,

1993). The ‘nursery’ can take various forms. Here it is a two-dimensional room

LOther computational experiments with the toolkit are described in (Davis, Sloman & Poli,
1995; Davis, 1996). See http://www.cs.bham.ac.uk/ axs/cog_affect/sim_agent.html for mpeg

movies of some of the experiments, including the minder domain.
2The idea for movable and rotatable bars is borrowed from Nilsson’s botworld domain (Nilsson,

1994; Benson & Nilsson, 1995).
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that contains a collection of simple reactive agents, called ‘minibots’ or dependents,
which wander around getting into various difficulties, such as running out of ‘charge’
or falling into ditches. The reactive agents are dependents as they require the
assistance of a minder agent whose task is to ‘care’ for them. For example, the
minder agent can pick up dependents and carry them to a safe distance from a
ditch. The wandering of the dependents ensures that new minder motivators are
continually generated. Hence, the minder needs to arbitrate between many motives
while maintaining reactivity to new, possibly urgent and important events. The
domain could easily be extended in several directions. Figure 5.1 is a screenshot of

a simple graphical representation of the nursery that is used for viewing the agent’s

external behaviour and debugging purposes.
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5.3 The minder agent

For ease of reference this particular implementation of the design is named MIN-

DERI1. The name is not an acronym.

5.3.1 Behaviour and capabilities
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Figure 5.2: Stages in the construction of an enclosure. Note: text under

window is the descriptor of the currently active motive.

Figure 5.2 shows MINDER]1 constructing an enclosure used to keep minibots at
the north end of the nursery to prevent them from wandering into ditches. MIN-
DER1’s behaviour can be observed in real-time but with occasional brief halts as
pop-11 collects accumulated ‘garbage’ (old data that can be destroyed to free up
memory). A separate window contains the textual trace output of the simulation.
During a normal run the trace monitors the state transitions of all motives. How-

ever, a collection of debug flags can be altered so that MINDER1’s current beliefs,
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sense data, motives, other knowledge stores, and internal processing may be exam-
ined at runtime.

MINDERI1 ‘scurries’ around the nursery pursuing its various motives. For ex-
ample, it may sense that a dependent needs recharging and move towards it to pick
it up. Also, MINDERI1 often replaces its current motive with a new motive. For
example, MINDER1 may be taking a dependent to the recharge point but ‘notices’
that another dependent is about to fall into a ditch. MINDER]1 drops the minibot
it is holding, saves the other minibot from falling into the ditch, and then returns
to the recharge task. If the original minibot has moved MINDER1 may then search
for it in the immediate vicinity. Minibots frequently fall into ditches and become
damaged because MINDER]1’s perceptual field and speed of movement is limited. If
there are no other pressing motives then MINDER1 may take the damaged minibot
to the dismissal point. There are many other kinds of motive and corresponding
behaviours that could be described (see appendix A.1 for a full list).

Informally, MINDERI1 seems to prioritise its tasks in an reasonably intelligent
manner: it successfully acts in the nursery domain to achieve its motives. However,
as the number of minibots increases its performance deteriorates. MINDER1 can
manage multiple motives, dynamically rescheduling them where necessary. Its re-
source limited management processes are protected from too high a processing load
and interruption by a filter threshold that can vary according to the number and in-
sistence level of motives. However, there are limitations, discussed in section 5.4.2.
The architecture is evaluated in section 5.4.1.

The following three subsections describe how this functionality is achieved.

5.3.2 The reactive layer

Purely reactive processes cannot explicitly construct representations of alternative
possible options and select between them: they have reflex-like or ‘ballistic’ causal-
ity (section 4.3.1). If conflicting actions are generated simple weight combinations
or winner-take-all mechanisms determine the outcome. The reactive subsystems in
MINDERI1 are perception, belief maintenance, reactive plan execution, and preat-

tentive motive generation. Each is described in turn.

5.3.2.1 Shallow perception

MINDER1’s perceptual subsystem is implemented in a very shallow manner: in each

time slice the required, externally visible features of domain objects are converted
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into a representation that is stored in an internal database, which, at any time,
will have only partial and possibly incorrect information about the environment.
The sampling range is limited to a fixed radius (see dashed circle in figure 5.1).
Any object within range can be sensed but, unlike vision, the occlusion of objects
is not supported. The perception rulesets are provided with sufficient processing
cycles to perform all necessary domain sampling within each time slice. An example
new_sense_datum is the following:

[new_sense_datum

time 64 name minibot4 type minibot status alive distance 5.2 x 7.43782
y 12.4632 id 4 charge 73 held false]

The data structure describes a dependent minibot/ that was sensed at time 64,
which is alive, has charge 73, is not held by another agent, and is at distance 5.2
units from MINDER1. The sensing of other objects is essentially similar, except

the sensing of fences, which includes information about orientation and size.

5.3.2.2 Shallow belief maintenance

Beliefs, compared to sense data in this system, are more complex structures. They
represent states-of-affairs that, due to the dynamism of the domain and the limits
of perception, may or may not hold. There are two kinds of belief: sensory-based
beliefs, which contain information about objects in the environment and are con-
structed from new_sense_datum items, and agent-based beliefs, which are generated
by agent actions, such as beliefs about fences serving as components of an enclosure
(see figure 5.2).

At any particular moment many of MINDER1’s beliefs will be wrong. For
example, it may believe that minibot4 is in the absolute coordinate location (80,90).
However, location (80,90) may be currently out of sensor range and minibot4 may
have moved. A design problem arises when MINDER]I returns to a location within
sensor range of location (80,90). If minibot is sensed the corresponding belief
is updated; however, if minibot{ is absent then no new_sense_datum will update
the belief: it is not possible to sense an absence. Without rudimentary belief
maintenance MINDER1 will continue to hold a false belief despite having sufficient
information to infer its falsity. The problem is solved by storing defeaters with each
belief. Defeaters are conditions that must remain false in order for the belief to
remain true. If the defeating conditions for a particular belief evaluate to true then
the belief is removed. An example belief is the following (note that double equals

matches any sequence of items in a list):
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[belief time 20 name minibot8 type minibot status alive distance 17.2196
X 82.2426 y 61.2426 id 8 charge 88 held false
[defeater
[[belief == name minibot8 == x 7Xb y 7Yb ==
[WHERE distance(myself.location, Xb,Yb) < sensor_rangel

[NOT new_sense_datum == name minibot8 ==]]]]

The defeater is composed of poprulebase conditions, and says, ‘IF I have a belief
about minibot8 AND I have no new sense data about minibot 8 AND I am in a
position that, according to my belief, I should have new sense data about minibot 8
THEN my belief is false’. The defeater mechanism allows arbitrary size hierarchies
of defeats to be formed. For example, a ‘second order’ belief may be justified by a
‘first order’ belief. If the defeater of the first order belief evaluates to true then the
second order belief is also removed. In this way beliefs are automatically maintained,
although it should be noted that belief maintenance is a difficult problem to solve

in general.

5.3.2.3 Reactive plan execution

MINDERI1 needs to be able to act in the domain. As the nursery is changing con-
tinually it is fruitless for MINDERI to attempt to construct and execute precise
but inflexible plans that depend on beliefs that can rapidly become obsolete. In-
stead, MINDERI1 needs a level of plan execution that is robust and therefore able
to recover from unexpected failures, and reactive, that is, can immediately react
to new contingencies in the course of plan execution without the need to engage
higher level, resource limited systems. For example, MINDER1 may have a plan
to move to location (50,50). The execution of this plan will involve many steps, in-
cluding moving forward, rotating, sensing the route ahead, planning routes around
obstacles and so forth. It is possible that obstacles, such as fences, can be moved by
other agents; therefore, a purely classical planning approach, in which a complete
plan is constructed prior to action and then blindly followed in detail, is likely to
fail. Plans that can alter themselves to achieve their goals via continuous feedback
from the current situation avoid this difficulty. An approach that partially meets
this requirement is Nilsson’s teleo-reactive (TR) program formalism (Nilsson, 1994).

A TR program is an ordered set of production rules that directs the agent toward
a goal in a manner that takes into account changing environmental circumstances

(Nilsson, 1994):

I(i — a1
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Ky — oo

K, — a,

K; are conditions on agent knowledge (including information items such as be-
liefs, new_sense_datum, representations of current motives etc.) and a; are actions
on the world or on beliefs. On every cycle the conditions of all active TR, programs
are evaluated from top to bottom. The a; of the first K; that evaluates to true is
executed. If, on the next cycle, the same K; evaluates to true then the same action
is executed, and so on until the conditions change. A TR program must satisfy
a regression property, which, informally, states that an action, a;, will eventually
achieve a condition, K;, which is higher in the list (j < i). TR programs can call
other TR programs or themselves, that is they can be hierarchic and recursive.

Figure 5.3 provides an example TR program implemented in MINDER]1.

Ki: ~(held(obj)) A charged(obj) — a;: null

Kz: held(obj) A charged(obj) — a2: DROP(obj)]

Ks: held(obj) A close_enough(obj, recharge_point) — a3: CHARGE(obj)
Ky: T — a4 TAKE_.OBJECT (obj, recharge_point)

Predicate Semantics

held(obj) T if agent holds object obj

charged(obj) T if agent believes obj has sufficient charge
close_enough(obj1, obj2) T if agent believes objl and obj2 are adjacent

Imperative Semantics

DROP(obj) Agent attempts to drop obj, makes hold(obj) false
CHARGE(obj) Agent charges obj at recharge_point, makes charged(obj) true

TAKE_OBJECT(obj1, obj2)  Agent moves objl to obj2 by invoking another TR program

Figure 5.3: TR program charge_object

The TR program is called by a higher level executor (see section 5.3.3) that
unifies a parameter value with obj, such as the value minibot. In this example, the
TAKE_OBJECT action is a call to further, more complex, TR programs that can
search for objects, home in on their location, pick them up, move while avoiding
obstacles, and so forth. Even this simple program can deal with unexpected failures:
for example, if, for whatever reason, the obj is no longer held the TR program will
reactively ‘drop down’ to condition K, and attempt to relocate and hold the obj.

MINDERI currently has thirteen TR programs (see appendix, section A.4) that
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serve as reactive behavioural building blocks. Each TR program is implemented as
a set of SIM_AGENT production rules satisfying the regression property. As TR
programs are fully evaluated each time step it is helpful to think of their semantics
in terms of dedicated circuits that continuously evaluate feedback from actions

(Nilsson, 1994) (and section 4.2.3.4).

5.3.2.4 Generactivation of motivators

For MINDERI to use its TR programs it requires goals to achieve. The source of
motives in MINDERI is a suite of generactivators that express the agent’s concerns
(Frijda, 1986). For example, a particular generactivator G_low_charge searches the
internal database for beliefs about dependents with very low charge; if such a belief
is found then the generactivator constructs a declarative representation of a motive

and places it in a motive database:

[MOTIVE motive [recharge minibot4] insistence 0.322 status sub]

The motive contains a motivational attitude towards a state of affairs in the
domain (‘make it true that minibot4 is recharged’)?, an insistence value, which, in
MINDERY1, is a heuristic, quantitative representation of the urgency and importance
of the motive, and a current status, sub, which is a flag that states that the mo-
tive has not surfaced through the variable threshold attention filter (see appendix,
section A.1 for a full list of possible motives). Currently, the insistence heuristics
have been built by hand. This is a simplification: the need to design mechanisms
that can construct insistence heuristics from domain interaction has been avoided.
The heuristics are functions that map conditions on agent knowledge to the reals
in the interval [0,1]. For example, the generactivator that constructs motives when
a dependent is too near a ditch uses the simple function f(distance_from_ditch) —
insistence to calculate insistence. The higher the number the higher the insistence
and, consequently, the greater the motivator’s dispositional powers to surface and
grab management resources.

MINDERI1 has eight generactivators expressing various concerns. A selection,
described informally, are ‘dependents must be fully charged’, ‘damaged dependents
need to be removed from the nursery’, ‘the ditches need to be patrolled’, ‘an en-

closure needs to be built to protect the dependents’, ‘ensure dependents are at safe

3Note, however, that the motivational attitude is not explicitly represented. The motivational
attitude is implicit in the procedures that use the declarative representations of motives. In this
case MINDER1 does not follow the specification for motives provided in (Beaudoin & Sloman,

1993; Beaudoin, 1994).
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distances from ditches’ and so forth. In addition to constructing motives, gener-
activators also remove motives when the original rationale for activation no longer
holds, and dynamically alter insistence values, thereby reactivating motives to be
candidates for surfacing.

The next section describes the resource limited management layer that takes
explicit representations of multiple motives and translates them into intentions for

action.

5.3.3 The management layer

The processes in the management layer are resource limited but can operate on
explicit representations of alternative motives and select between them (see sec-
tion 4.3.2). Management processes pose difficult design problems, and this is re-
flected in the shallowness of the management implementation. Discussion of the
many limitations of the implementation is postponed to section 5.4.2 where the
urgent need for a comprehensive theory of motive management is identified. The
main management subsystems are the motive filter mechanism, shallow motive man-
agement, and shallow plan execution. Each is described in turn. Figure 5.4 is a
schematic representation of the architecture of and processes within MINDERI.

The diagram is fully explained in this section.

5.3.3.1 Shallow motive filter mechanism

MINDERZ1’s filter threshold is a real number in the interval [0,1]. Beaudoin (1994)
considers more complex filter mechanisms and Norman (1996) considers a similar,
but more developed, filter-based selective attention mechanism implemented in a
factory domain. Newly generated motives are initially of state sub. Call the set
of motives of state sub, Mgyp. All members of My,; are candidates for surfacing:
if their insistence values are equal to or higher than the current filter threshold
they surfa