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Abstract

General frameworks of mind map across tasks and domains. By what means can a general
architecture know when has adapted to a specific task, a particatarironmentor a specift

state of a previously known environmer@ur current work on this theme presents an affect and
affordance based core for mind. This draws on evidence from neuroscience, philosophy and
psychology. However we differentiate between the mechanisms and sgedd®ught to be

allied to cognition and intelligent behavior in biological architectures and the foundational
requirements necessary for similarly intelligent behavior or cogHikeeprocesses to exist in
synthetic architectures. Work on emotion imarass of definitions and competing theories. We
suggest that we should not further this confused framework witiecessary (and often
unneeded)models of emotion for artificial systems. Rather we should look to foundational
requirements for intelligentystems, and ask do we require emotions in machines or an
alternative equivalent of use in control and setjulation? This paper addresses this issue with

experimentation in a number of simulated and robotic testbeds

Keywords: Cognitive Architectures, Affect, Emotion, Motivation, Robots

Introduction

There is a accepted andyrowing consensus among theorists and designersomplete
intelligent systems [b] that synthetic minds, to be complete and believable, require a
computational equivalent to emotiam complement their behavioral and cognitive capabilities.
This requirementfor affective states in complete cognitive theories and architectuess
highlighted in earlier prominent reseaf@a7]. This paper confronts this requirement for emotion

in inteligent systems on a number of grounds. The thesis is that overall the theory of emotion is
too disorganised to be of much use in the design of synthetic intelligence and that more pointedly,
emotion(per s¢ is not really a requirement fgthe majority @) synthetic intelligencéheories or
systemslt is suggested that a direction given by the less semantically overloaded term affect is a

more appropriate for synthetic intelligence. The argumentation for affect as a control mechanism
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makes use of the ctol state approach to mindngoing designs anexperimental work with
computational agents awcdgnitive robots

The paper addresses emotion and affect, before considering motivational states. It presents an
architecture design (and theory) that embodtlesanalytical conclusions of this argumentation.
Experiments using implementations of this architecture (both in synthetic simulations and robotic

testbeds) are presented.

The Red Herring that is Emotion

Normano6s pi v o tsaghestqu &mpotidike praxdsses will be necessary for artificially
intelligent systems. This section builds an argument that denies the need for ematianyin
synthetic systems, while accepting that notable systems have been built based on models of
emotion[8-9].

Theories ® emotion can be typified as belonging in one of several types, for example
physiological[10-11], evolutionary [12] expression [13]appraisal [14pr goal basedl5]. This

is partially due to different programmatic objectives within, for example, nbhysigiogy,
psychology and philosophysome[8. 16] consider emotions to be a cognition centred set of
phenomena, while otherfl7] consider these terms to be centred on-llewel (neure
/physiological) control processes that affect cognition. These argsinae@ not addressed in
depth heré research on ematn is discussed elsewhere [1BLffy [19] considers the use of the
fuzzy, ambi guous amtdi omds | @sadfi nmgd & re mehd@relsty f | awe ¢
should be abandoned as confusing and newlaarly delineated terms used only where such
concepts are clegriand unmistakably identified. Howevehere is such a volume of research in

this area that a significant academic revolution would be required to pursue such a path with any
success. Whdl this may be true of disciplines that study human intelligence, the same does not

hold for artificial systems.

Two emotiontheory types do provide a sound basis for affect in synthetic agents. Emotion in the
goatbased thedes, for example [15jcanbed e scr i bed as fAa state usually
i mportance to the subjecto. It i nvol ves ment al
physiological change, facial gestures and some form of expectation. Scherer defines emotion as

fa sequenacel aft eidnt synchroni sed changes in the s

monitoring subjective feeling) in response to the evaluation of an external or internal stimulus
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event that is relevant to central conceons t h e o r. [gneotionas prooeses iBvplve five
functionally defined systems involving information processing over perception, regulation of
internal states, decision making over competing motives, the control of external behavior and a
feedback system across these four. There is ocenadite overlap between these definitions. In
effect, emotions, in socibiological agents, are affective mental, conative and/or cognitive, states
and processes. A coherent hybridization of these theories is possible with a notable exception. A
number of esearchers use the concept of the basic emotions. Scherer instead allows for modal
forms of emotive processing. Of the many modes that an emotion system can take, some are near

identical or relatively similar to the states described as basic emotions.

Numerous prominent researchers into intelligent systems have suggested thatikaffect
mechanisms are necessary for intelligenes| 1, 20. More recently, Sloman [2has suggested

that while emotion is associated with intelligent behaviour, it may nat firerequisite. If that is

the case and that emotion is a siffect of mechanisms in sophisticated and complex biological
architectures, intelligence is now tightly bound to the control of theseeffielets through
evolution. The development of contratechanisms to harness and cope with the affective
associations of the mechanisms necessary for intelligence, over the diachronic intervals
associated with evolution, is such that in effect emotion and affect are now central to intelligence
in biological ystems. However for synthetic (or artificial) architectures, it is possible to generate
intelligent systems capable of supporting not emotion but affect. The theory of synthetic
intelligent systems can therefore progress without the need for emotionthat nequirement for
affective control states that can draw on theories of emotion and cognition in biological intelligent
systems. This would mean for example that a synthetic system need not model or recognise the
emotive state termed fear but recognib@ghly valenced negative internal states and
environmental affordances that (potentially) jeopardise its role and tasks in its current
environment. Put simply, theories of emotion from the cognate disciplines such as philosophy and
psychology can afford fictional models of affect for synthetic systems without the need for the
theorist or designer of synthetic systems to be concerned with the semantic overloading
associated with specific emotions, or indeed the concept of emotion per se. Furthermore most
theories of emotion involve body attitude or facial expression changes that are typically
inappropriate for machines. There are no machines that rely on body posture or facial expression
for communication other those affective systems that attempt modelribtve state of their

user [2]. An immediate benefit is the researcher interested in intelligent synthetic systems can
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move away from the definitional morass that surrounds much of the work on emotion. The
exception of course is where models of emotioa i@equired for sophisticated mamachine
interactions. Even there the interactive system only needs to model the emotive or affective state

of its user, and not function in terms of emotion.

Previous researdi8] has indeed used emotional models thalishe basic emotions. The current
stance is that emotion, and therefore basic emotions, are unnecessary for synthetic Wiestems.
are developing a theory of affect that draws on themes such as ctetigsl and motivators [7,

22, 23 and affordances [24,52 We define affect in terms of processes and representational
structures. It is qualitatively defined over negative, neutral or positive values or numerically over
the interval {1.0,1.0]. Affect becomes the basis of a control language for agent anatsitek

allows external events and objects to take valenced affordances, and allows internal mechanisms

to be prioritised via valenced processes.

A further salient feature of the above definitions of emotion is that they are described in terms of
goalsand roles. Earlier work on agenand control states [R2ocused on goal processing. It
addressed how goals need to be valenced in a number of different ways, for example intensity,
urgency, insistence. At the deliberative level, affective values camsdeeiated with processes

and control signals to instantiate and modify aspects of motivators and their associated
representations. Furthermore, if an agent is to recognize and manage emergent behaviors, and
particularly extreme and disruptive control ssatthis multilayer model of affect provides the
means for reflective processes to do this. This model of affect addresses the need to integrate

reflective, deliberative, reactive and reflexive level agencies in a synergistic fashion

The valencing of pro@ses and representational structures can be given or the agent can adapt or
learn appropriate affordances according to its role and current enviroririerms the basis for
perceptual valences that support the external environment affordances apptoptiag agent.

As an agent monitors its interactions within itself and relates these to tasks in its external
environment, the impetus for change within itself (i.e. a need to learn) is manifested as an affect
based state. Such a control state can leatig@eneration of internal processes requiring the
agent to modify its behavior, representations or processes in some way. The modification can be
described in terms of a mapping between its internal and external environments. This influences

the differen categories of cognitive and animated behavior.



Cognitive Architectures for Affect and Motivation

Mechanisms for Affect and Motivation

This section makes use of computational work on the nature of motivation and afftaxtlenth
how these can be goined in perception and cognition. While this theisrgurrently incomplete,
there follows argumentation, design and simple computational experiments that demonstrate the

more cogent aspects.

The control state approach to oigpn [7, 22] builds on an assumption thatgoition is an
epistemic process thatan be modeled using information processing architectures. Such
information processing architectures can be in any number eéxmusive control states. The
processing of information can give rise to changes in the current set of extant controlT$tates.
nature of the information processing is dependent upon the currently extant control states. The
same informtion may be processed differently in diffet control states [226, 23] One
current taxonomy provides five broad categories of control. sStagese broad categories overlap,

and indeed the main focus of this research (motivators) are often used as a generic framework.

¢ Beliefs are internal models, possibly inferred from perceptual acts or from information arising

from other control states; theseed not have a rational basis;

e Images are control states using mental images, and alike to Bérsalou [petcedtual

simulations. These images may relate to any perceptual modality in typical or atypical ways.

e Imaginings are control states that embadigrnative ways of constructing internal worlds.

These can be related to directed probtaiving and therefore motivators.

e Motivators are probles ol vi ng schemas which I ink internal

perception of events and states, reprations and paths to modified states of affairs.

e Behaviours are actions on an environment. The most primitive type, reflexes, are ballistic

mappings from input (i.e. perception) to output (i.e. behavioural response).

Here the focus is on motivators asrepresentational form that enables perception, affect and
cognition to interact. The representational framework is outlined in this section with
argumentation and experimentation with design and computational models introduced throughout
the rest of thgaper. Note that this treatment differs from the earlier references given above. A
motivator is a representational schema (or blackboard) that brings together many aspects of
perceptual and cognitive processingable 1 liss the main omponents of the mivational

construct. The construct provides the means by which an agent can organise data, information and
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knowledge related to objects, agents, tasks, goals and actiamerest.Experimental work of
Bourgne [28 revisited the representational struetland processes associated with motivators,

but made use of affect and affordances instead of emotion. Theoretical, design and architecture
parsimony, has lead to the rejection of emotion as a requirement for intelligence, as argued
above affect sufficesThose implemented in CAMA[see Figure linclude

e Semantic Content: typically a proposition P denoting a possible state of affairs, which may be

true or false

e Motivator Attitude to the semantic content P, for example make true, keep true, make false

etc.

e Belief Status:An indication of current belief about the status of semantic content P, for

exampe multi-valued logic or probalistic
¢ Actors and Agents referenced by the motivator
¢ Objects referenced by this motivator
e Behaviours associated with any plat and/or past similar motivators

e The current (commitment) status of the motivator, e.g. adopted, rejected, undecided,

interrupted, completed.
¢ Goallmportane. Thisreal value [0, 1] isnanaged by the BDI affective processes.

¢ AssociationinsistenceThis real value [0, 1] isnanaged by the BDI affective processes, and

is strengthened by goal completion using the associated behaviour.

¢ Motivator Intensity: In effect theeal value [0, 1the affective system and processes associates

with the difference betwan the current and desired state of the motivator

Associated with motivational structures are attitudes to classes of events and entities relevant to

that motivator. These are valenced in the same way that affordances and affect are valenced. The
associatin of perception, behavior and abstract representations about plans of actions and the

relevance of actions and entities in the environment and internal are now defined over the same

numeric range of [01]. Affect and affordance become the means by wihielagent architecture

can weigh itsbeliefs,processes and control the economics of its processing. It provides a means

whereby attention can be directed.
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These qualities can be defined over processes within a multiple level information processing
architecture. Unlike many current architectural theories this need not be defined in terms of three
or four leves [30, 2, 23, 29]It is suggested that such architectural stances are limiting and
somewhat illusory in that they lead research into a too tighthgtcained frameark; see [31]
Vijayakumar [3233] for example uses a four column, six layer approach in extending CAMAL

with reinforcement learning and metacognition.

Valencing the mind: The affective economics of thought

This section places recent intiggtions into affect and affordance within ongoing research into

the development of architectures for synthetic intelligence. In these developing computational
systems, activity and behavior at one level is represented and controlled at other layers. The
primary conjecture is that the design and implementation of such architectures can proceed using
a systematic control language that obliviates the need for ad hoc heuristics to direct the
processing within an intelligent system. This control languageoisngled in the use of affect and
ought to be consistent across different domains, tasks and levels of procdssiogmputational

work is being developed with no requirement for emotion but rather a reliance on affect (a
valencing of and within internakpcesses) and affordance that together can be used to guide both

internal and external acts.

The current work is based on experiments in the theory, design and implementation of affect and
emotionbased architectures [34, 23, 35, 28]. 36builds on theecological pensectives offered
by Gibson [23 |, and on the wor k offy. P@limmarynwork [28 8t r ol

centered on motivators and goals, how they come into being and how they are managed.

We useextensions to thehreecolumn, three lagr architecture but are not unequivocally
committed to such architectures. For example some experimenta@p25] makes use of an
architecture based on cognitive models of reasoning in chiltivethe four-layer, five-column

model (Figure 2) there exst reflexes and reactive behaviors that allow a direct response to
sensory eventsThere can be various different definitions of what constitutes a reactive
component. For example the system may have no changeable internal state so that the current
input determines the current output. In our broad research, we term #fleses; andn this case

the output is always the same given the same input. The definition of a reactive system taken here

is that the systems output is determined not only by its ifptitalso by its internal stat&éhese

st
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can provoke processes or being modified at a more abstract level. Other automatic processes
necessitatehe generation of deliberative control states to achieve their goals. The deliberative
layer represents those (toml state) processes typically studied in thinking, human problem
solving etc., plus other processes related to the management of low level atfitbnso many
different possible definitions and interpretations, a more concrete definition needs &l&dom

clarify the situation. Within this paper the word deliberative will refer to any system whose output

is not only determined by its input and current state, but also by its previous states and/or the
current/previous states of other systems. In otfeeds a deliberative system is one whose output

is based upon an extended memory beyond that of its own current state. That is not to say that a
deliberative system cannot use symbolic reasoning or heuristic problem solving techniques, only
that for thisdefinition it is not absolutely necessafhe reflective(or metacognitive)rocesses

serve to monitor cognitive behavior or control it in some other way. The more extreme affective
states (symptomatically categorised as a loss of control or perturtzaceifectively clamped

by means of selfegulatory processes within the architecture. This model is quite general.

The effect of altering the relative size and importance of the layers is an openVi&saee

working towards using domain models thatoall the architecture to iresttiate itself in a

previously khown best configuration, but allow the architecture to modify, conflate or expand

according to its own requirements once runnkiigh level and low level processes coexist and

interact in a holist manner through the use of affect. In effect, goal processing, planning,

decision makingbehavior selection, attitude shihd other cognitive processes are not purely

abstract but exist in relation to other automatic (and affective) processes. €hey affect,

embodi ed within the context of their interactio

relationship(s) with its environment.

BDI Reasoning:CRIBB and a-CRIBB

Related worlf36, 29 suggests that adding affect to cognitive desikiatention models such as

CRIBB, result in more effective processing and task management.

CRI'BB (Childrends Reasoning about Intentions, Be
upon a general sketch for beligésire reasoning in childrd87]. It simulates the knowledge and
inference processes of a competent child solving faddief tasks 38]. A simulation run in

CRIBB starts by giving propositions containing facts and perceptions about some scenario in
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sequential steps according to the timeiwal in which the propositions arise. On the basis of the
given propositions and the inferences drawn, CRIBB answers test questions about the cover story.
The questions can be about its own beliefs or about the intentions, beliefs and behavior of another

person in the scenario.

CRIBB represents propositions about physical states of a given situation and the intentions,

beliefs, perceptions and behavior of others. Its knowledge base consists of four types of practical
syllogisms and three other inferencehemata, which represent the relations between these
propositions. Practical Syllogisms denote knowledge about the relations between intentions,

behavior and beliefs of another person. The three other classes of inference schemata relate
perceptiorbelief, belieftime and factime. These are split into primary and secondary
representations. Primary representations are th
behavior of other people. Fatitne inferences, propositions about facts along a tiraéesare

classed as primary representations. BeiiaE and percepticbelief inference schemata are both

types of secondary representation as they <cont e
beliefs. A further element of CRIBB is a consistency naeism that detects and resolves
contradictions in belief sets. This is invoked each time a new proposition is added, in order to

ensure the consistency of its knowledge base.

The major difference between CRIBBIda-CRIBB agents is the latter use an affgalue from

their goals to order perceptual propositions. This affects belief order, in particular truth
maintenance, and the simple goals the agents act Rather than attempt to completely and
accuratelyno d e | t he ag e cahliesusedvtguidé altentioa $ofareagednt is drawn to
aspects of the environment deemed to be of importance. Assigniaifleative affordance will

enable a process by which perceptions can be filtered according to their importance. Hence:
P:={rs,q, p}
A := {importance(high, p), importance(low, r)}
B :={-p}
A®P— AP
AP ={p, s, q, r}

AP®B —»> B’

10
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B :={p,s,q,r}
The perception set, P, contains the same perceptions as before. However, the order in which the
perceptions are processed can be changed accaodihg affectiveaffordance, A attached to
each one. The new belief set, Bontains the perceptions which have been processed in the order
that accords with their emotional significance to that individual. The affect ordered belief set then
drives the Desire and Intention reasoning schema, leading to the selection of attiefiehts
the current focus of the agent at the Belief eVl latest versins of CAMAL [39] extend this

further with the affet model being usei drive the entire BDI reasoning cycle.

Linking Perception, Affect and Cognition

This research into thdevelopment of architectures for synthetic intelligence is built
around the concept of control states, and in particular motivators. The primary conjecture
is that the design and implementation of such architectures can proceed using a
systematic controlanguage that obliviates the need for ad hoc heuristics to direct the
processing within an intelligent system. This control language should be dEssito

the extent that it can be used across multiplecmringent domains (and applications)

and yet becapable of capturing the control metaphors most suitable for any specific
domain. This control language is grounded in the use of affect and ought to be consistent
across different domains, tasks and levels of processiegcdmputational work is being
developed with no requirement for emotion but rather a reliance on affect (a valencing of
and within internal processes) and affordance (a motivational based perception of

external events) that together can be used to guide both internal and external acts.

One problem experienced in the design and constructed architectures to date has been
relating action, perception and feedback from action via perception to the constructs that
initiated action. It is suggested that the type of perceptual system sugge&acsalou

[1999] may offer the means to provide such links. Although connectionist approaches to
modelling some or all of architectures supporting motivational constructs have not been

excluded, the approach so far makes use of behalvased and symbalrchitectures.

11
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Consider thea-CRIBB model described aboydut with the addition of motivational
constructs as the core representationaésa{23, 28, 39] The motivational construct
links perception, belief, desire, intention and actual action as wemvifrom the
componentsassociated with the construct given in Tablenbdulated by the affective
(BDI) reasoning developed from theCRIBB research. This allows us to define the
information and knowledge constructs showrfFigure 1 Activity and behaior at one
level is representednd controlled at other layers, and captured in the motivational

structure described above.

Experiments

The CAMAL architecturgFigure 3 and variants has been extensively used in simulation, for
example: multiple robot sinfation tesbeds [23, 39]Five A-Side fooball[35, 28] Fungus Eater
environment$36, 32] and withphysical robots [40]

Table2 (a,b,c) show results from usi@RIBB and aCRIBB in a standard agent tdsed (the
Fungus Eatej36]) as the number of agengxceeds what is environmentally viable. The statistics
collected are: Energy left at the end of the time interval; amount of ore collected; and the survival
time of the agent. The environment contains 10 fungus (10% bad fungus), 10 ore, 5 small fungus,
1 golden ore and 1 medicine object. Only one type of agent was used at Alktithe results are

an average valugom multiple runsand the time survived is shown as a percentage of the time
interval that the agents survived on average. The resultstfrese experiments show that as the
number of agents increase¢he amount of energy left decreades both agent types. Tha
CRBBagent sé6 maintain their energy | evel bet ween
energy drive thresholds respectiuel’he amount of ore collected by any one agent decreases as
the number of agents increases. TRERIBB agents ouperform the CRIBB agents in the
amount of ore that is collectealCRIBB agents can survive for 100% of the time intervals, but as
the numbe of agents increase the survival rate decreasesalRIBB a g e n tvivad rats u r
reaches 92.64% at thewest. The CRIBB agents, however, do not survive 100% of any time

interval, but the survival rate also decreases as the number of agents increase.

SMCA (Society of Mind QAMAL Architecture) is a redesign of CAMAL usinthe Society of
Mind metaphor [32] It also extends CAMAL with metacognition processes that enable the
learning of goal directed behaviour. Again this was tested using Fungus EaterosCEmar

12
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agent was given an artificial physiology and deferred from its primary goal of collecting Ore if
enaggy was determined to be low. this case, the agent faweal Fungus collection. Figure 3 and

4 show the learning agent compared to the wholeitaxthre. As the figureglustrate, in the

initial stages, the reinforcement learniagent was found to collect more fungus than the BDI
agent. However over both goals and time, the more extensive SMCA (CAMAL) architecture

providedfar greater capabilitfas expected).

In the second set @MCA results presented here, the architecture witlamwyt reflective layer
(cognition1l with learning,metacontrol metacognition missing is comparedwith the full
implementation that allows for various types of agdmased on differentiating the cognitive
model qualities including physiological and goalented behaviour Again multiple runs of
various scenarios allowed averaged results to be collectedm@&taeognition agentsot only
outlived the normetacognitiveagents (Figures 5 and,G®ut the metacognition agent was able to

collect 82% of resources, compared to 50% of resources collected by the cognitive agent

The third set of SMCA results presented here, the architecture without the metacognitive layer
(metacontrol with full deliberative and learning capabilities) is compared with the full
implementation that allows for the metacognitive layer to select high level attitudes and so switch
the deliberative context for the architecture to reflect current neetsities and environment.
Again multiple runs of various scenarios allowed averaged results to be collected. Again the
architecture with themetacognition agents not only outlived thmetacontrol implementation
(Figures 7 and )3 but the metacognitiorrehitecture collected 82% of resources, while rireta

control configuation collected68% of resources.

The final experimenpresened here givesummary results frorthe useof CAMAL to control
physicalrobots.robo-CAMAL [40] was developed to demonsediow CAMAL could be used to
resolve many of the issues in solving the anchopiraplem[41], and how to learn to act and
adapt in a physical eitonment. The symbol grounding problem concerns the difficulties of
generating symbols using perceptual systeand the meaningf those symbols [42]The
anchoring problem is a subset of the grounding problem. It investigates how links are generated
and maintained between symbols used within an agent's cognitive architecture, and the data

obt ai ned ¢peeeptudd ®&steangent O

In terms of robeCAMAL's learnirg ability, it uses & anchoring mechanism to identify the

objectives of its goal, and the association model to understand the consequences of its actions. As

13



Cognitive Architectures for Affect and Motivation

mentioned above, an association is a cogpbetween a belief, a desire, an intention, and a
magnitude value (i.e. the association value). At a high level view of the learning mechanism,
robo-CAMAL goes through a number of phases. These are:

e observe the environment (using the anchoring mechanism).
¢ initiate an association (using the affect model)

e perform the action described by the association (using the domain model details of the link
between the intention symbol and the reactive control system)

e observe the environment once the action has beeorp®d (using the anchoring mechanism)

feed the consequences of the action on the environment into the association value (using the

association model)

If the observed state of the environment after the action conforms to the required desire state, then
the association mechanism increases the association value. However, if the environmental state
after the action is not the required goal state, the association value is decreased. This process
ensures that successful associations will develop higher assocriatites, whilst unsuccessful

associations will develop lower values.

The adaptation experiments were designed to determine iFGADPAL has the ability to
modify its goals to reflect changes in its environment. The -@AMAL architecture was
instantiatel with the three goalkit(blueball), hit(redrobot), andhit(blackrobot). The correct
associations were also ppeogrammed into the architecture. RoGAMAL was then allowed to

run for three minutes in a variable environmérie environment contained yagombination of

the three possible objectsdueball, redrobot, and blackrobot. The object combination was
changed at intervals of one minute. At each deliberative cycle, the agent's internal deliberative
state was recorded. This included the agent's mubliefs, the association values, and the goal
importance values. In addition, the number of actual collisions with the objects present was

recorded. Some of the results of this experiment can be seguiiesfio to 12

Figure9 shows the variou®und(X) beliefs present during one of the experimental runs. Each
line represents one of the possifdend beliefs. If a belief is present, it was given an arbitrary
value used for display purposes only, this value has no effect on the architecturéouhth(X)
belief is not presentthe value is zero. Figur@ shows that initially rob@ AMAL holds the

beliefs found(redrobot) and found(blackrobot) at various times. Then at poiat the belief

14
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found(blueball) is present. It is around this point that floeeind(redrobot) belief is no longer
present. At poinb the belieffound(blueball) is no longer held. This coincides with the way the
objects were varied within the environment. At first thdrobot and theblackball were present
in the environment. After onminute theredrobot was replaced with thelueball. After the
second minute thielueball was removed. This mirrorsgiure9 in that theredrobot was found at
the start of the run, thdueball was found during the middle of the run, and Iteeckrobot was

present thought the whole of the run.

One point to note is the spacing of foend beliefs. The total number of deliberative processing
cycles for this three minute experiment is around 250. As the environment was changed after each
minute, it would be xpected that the beliefs would alter to reflect that change at around 80 and
160 deliberative processing cycles. This however is not the casdoUm(X) belief alters its

profile at around 50 and 150 deliberative processing cycles. This is due toythe wiaich the
deliberative and reactive levels of the architecture interact. The deliberative component sets the
reactive component to run for a number of reactive cycles. The reactivate level returns control
when an event occurs, or when it completesréygiired number of reactive cycles. This means

that when there are few events occurring in the agent's local vicinity, the deliberative component
is not as active. Therefore at the deliberative level, the number of processing cycles per minute is

dependenon the number of events that occur within that minute.

Figure 10shows the importance value for each goal over time. Initially-@AMAL achieves

the hitblackrobot andredrobot goals. This can be seen at poiatandb. At these points the
importance wlue for each goal jumps to a value of 0.52. Section 8.6 states that once a goal has
been achieved, its importance value is set to 0.5. The step increase for the goal importance value
is 0.02. The goal importance value does not get recorded until dfees ieen incremented. This
means that when the importance value jumps to, or remains at 0.52, the relevant goal has been
achieved. In addition, if a goal fails, its importance value is reduced to 0.1. Therefogarénlfd

if the goal importance value@jps to 0.12 that goal has failed. This failure can be seen at ppints

d, ande where each of the three goals fail. Pdishows the success of the gb#l(blueball).

This corresponds well with when thedrobot was removed and th#ueball added.

An important point to note can be seen at pgntHere the importance value of the goal
hit(blueball) increases beyond 0.7. One question is why has-@#dAL not attempted to

achieve this goal when its importance value is so high in comparison to the dtherafiswer
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can be found by examining the association values. These can be segiran fil and 12A
motivator is chosen based on not only the goal importance, but the likelihood of successfully
achieving the goal (i.e. the association with the highakievand the corresponding goal and
current béef). Figures 11 and 12learly show that the association value related to the goal
hit(blackrobot) is significantly higher than the one related to the dnigblueball). This means

that when combining the tswalues, the motivation to hit thdackrobot is greater than the one

to hit theblueball. Therefore robaCAMAL continues to attempt the gohlt(blackrobot). This

result is as expected. Even though rGAMAL believes, correctly, that thielueball is present

in the environment, it also believes that it is more likely to achieve theng@@hckrobot). This

was the reason for including the association value in the mechanism to decideAtdidd.'s

current motivation.

The same reasoning can be appliedtiotCAMAL's behaviour after 150 procesgiaycles. It is

clear from 1Qhat at pointd, i, andj, robcCAMAL attempts the other goals. At these points the

goal importance value becomes so great that it outbalances the low association values. This result
is again expected and was the reason for incrementing the goal importance value. This ensures
that robe CAMAL periodically attempts a previously failed goal to see if it has become
achievable.

These result show that roli@AMAL has the ability to adapt to wariable environment, and
attempt the goals it believes achievable at the right fihese and other experiments (Gwatkin,
2009) demonstrated thaitbo-CAMAL is capable of learning general behaviours. That is, with no
understanding about the nature af dictions, rob@ AMAL can successfullyearn which action

to perbrm in order to achieve a specifjoal. This is accomplished Iperforming and observing
the efect of its actions on the environmenRoboCAMAL succesdiilly adapted to its
environmentwhen it held the correct beliefs. Haver, when the agent formed thorrect
beliefs it failed to correcyl modify its goals to reflect thactual environment. Instead it modifil

its goals to coincide with itscorrect beliefsin general the results shodv¢hat robeCAMAL

performed as expected.

Discussion

This work has now taken a number of new directions as cowopkessie their own agendas.

These new directions take the design associated with CAMAL and the concept of an underlying
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affect mechanism thatan be used to compare process priority, or rank goals and intentions but
reframe the research according to specific interddte. issues confronted and results from

implementation and experimentation inform the central project.

In applyingthe Society oMind appioach to cognition [1] to the CAMAL architecture?[3 the

SMCA experiments show that metacognition agents taverganizationatomplex intelligence

and (opti mal) behaviours t o constitute @ ASoci e
demonstra acomplete control mechanism in managarg@ffective)metabolismand balancing
resource and tagkotivations. The agents are exhibiptimal decision making capabilitiesarea
decision variable boundamysing mechanismisased on norm@ttitudeg ard affect.Through the
metalevel control of their different BelieDesirelntention models, at any given paqirgome
agents in the Society of Mind are active, while others are static. This arrangement of activities
within their planning, reasoning, decisianaking, self reflection, problem solving and learning
capabilities, from ifferent combination of agents provdake viability of the concept of
metacognition & a powerful catalyst for control and sedflection. SMCA with its
metacognition selected tafnative BDI models, demonstrated task effectiveness, goal

achievement, and the ability to perform well in novel situations.

The mapping of the architecture from simulation, using a variety of testbeds, to robotics has
raised numebr of interesting obsertians [40] While predominantly successful in the way it
performed,robo-CAMAL failed in two ways. The first was due the opportunistic learning
mechanism implemented. This mednat rooeCAMAL in some circumstancesas unable to
optimise its behaviourThe secondfailure was due to the limitations of rol@AMAL's
anchoring mechanism (specifically the shallow vision systémgome instances, rosS0AMAL
mistook theblueball for the blackrobot. When this occurred the adgdailed to modify its goals

to reflect the actual environmenthis work is now being developedrtier using a Bayesian
approach to formalize the affect model, and with a new camera and vision sydtenused in

conjunction with a deeper percceptual (anchoring) model.

Conclusion

There are many takes on the place of emotion and affect and indeed what constitutesraamind o

architecture for cognitionThis research pursues the following three major objectives:
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® A synthesis of concepts based on an analysis and investigation of howrdifferspectives

on autonomy, affect and motivation map onto computational frameworks.

e Insights into the nature of heterogeneous mechanisms across different processing,
representational and knowledge levels, and their explanatory role in describing mental

phenomena.

e A developingframework enablingrtificial life and emergent behaviousbe combined with

the more abstract decision making processes associated with cognitive agents.

Affect in SMCA provides the basis of an agarternal micreeconomy whichs used as decision
metric, with affective values used as a currency. This rationalization of affect across the
architecture, and as also used in the other experiments, has enabled -tdegisign and
behaviour selection, across all levels and columnghef architecture to be grounded in a
consistent and adaptable mechanism. This has allowed artificial life and emergent behaviours to
be combined with reactive and the more abstract decision making processes associated with
cognitive architectures. As weagelop the architecture and experiment with further testbeds, the

limitations and benefits of this approach provide pointers for further work.

The metacognition concept provides a powerful tool towards developing efficient and quality
computational modelsThe SMCA research investigates the concept of metacognition as a
powerful catalyst for control, unify and se#flection. Metacognition is used on BDI models

with respect to planning, reasoning, decision making, self reflection, problem solving, learning
and the general process of cognition to improve performance. The reactive class of agent, in turn,
provides a computational platform for the deliberative agents. The design of deliberation
mechanisms for the fungus testbed includes five different typeBDdf agents. The BDI
determines which of the reactive or reflexive control mechanisms are active according to the
goals to satisfy. These goals are either task related or-iagemtal resource related, and
determine the number of different types of reifle and reactive agent required for this specific

testbed. The benefits are shown in the results part of the cognition and metacognition.

If we address the type ofmmtional processehighlighted by Scherer[9], and consider the
affective processing desigd and implemented in the various CAMAL architectures, we can find
a good correspondence. Taking théige functionally defined systemimdividually, CAMAL

provides forinformation processing over perceptiowhether in simulated or robotic worlds,
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sensoy information is mapped onto belief structures. We differentiate between the source of
beliefs (e.g. assumptive, deductive or perceptual), and (if requademly beliefs related to
currently important objects (and actors) to be treated differently. \We évperimented with-a

life and (simulated) physiological states and allowrtulation of internahffective states The
affective importance measure allows CAMAL to rank goals and atleeision making over
competing motives. The affective insistenceasure allowghe control of external behavior
through the building of associations that link beliefs, goals and intentions. Based on the results of
the aCRIBB experiments, CAMAL modulates the rationality of its BDI schemas with affective
mechanisms, allsing goal and behavior adaption to current world and internal states. Finally the
results of actions, the success or failure of a motivator linking belief, goal and association enables
thefi ¢ o g n feddbavkesysterto inform thesdour processes over @asoning cycle. And this

can be done without using shallow interpretatio

etc.

The work on the architecture with robots has highlighted the issues associated with
symbol meaning, and how problems when the &&chire has to link symbol grounding

and learning. Te type of perceptual system segted by Barsalou [271nay offer the
means to provide such links. Although connectionist approaches to modelling some or all
of architectures supporting motivational caasts have not been excluded, the approach
so far makes use of behaviehaised and symbol architecturé&his raises questions to be
addressed in current and future research:

e Is the perceptual steam described by Barsaldimited to a connectionist approa? If
not, what forms of alternatives are there?
¢ If the perceptual system described by Barsalou is limited to a connectionist approach, how can

it be linked into theaCRIBB architecture, and more importantly to the motivational

construcs referred to abe?

e What dimensions to this type of perceptual symbol system can exist and why? Note the
requirements for a psychological theory may well differ from a theory of use to cognitive

science and differ again from the requirements of a theory of cognitiviécatalres.
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e What is the minimal set of dimensions or qualities to this type of perceptual system required to
build cognitive architectures? What sort of computational experiment will demonstrate the

usefulness (or otherwise) of this approach?
¢ What alternaties to the Barsalou type approach are there for
a. the cognitive architectures described here and elsewhere?

b. within the widerframework of cognitive science?

Finally, there are controversies about the terminology used in this area of research. Motivation,
drive, goal and affect are used to refer to and mean a number of different things. There is no
universal definition of these terms across (or even within) the fields of philosophy, psychology,
cognitive science and artificial intelligenc&nd this is particlarly so for emotio{43]. As our

work moves forward, we may need to address whether the necessity for symbol meaning (arising
from perceptual grounding) requires that the semantic depth of the architecture is sufficient for
emotiont ags s uch tabe uBesl. utrnmy well erove that until the architecture is
sufficiently advanced with linguistic capabilities, we will have no need to use emotion, and rely
purely on the affect model.
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Tables

Table 1.The Full Motivational Construct

Component Meaning
Actors and Other agents (actors) and objects referenced by this motivator
Entities

Belief Indicator

Commitment
Status

Decay Function
Dynamic State

Affect Key

Importance
Value

Insistence Value

Intensity
Management
Information
Motivational
Attitude
Plan Set
Rationale
Semantic
Content
Urgency
Descriptor

Indication of current belief about the status of semantic content P:
e.g. true, partially true, false.

The current status of the motivator, e.g. adopted,
undecided, interrupted, stalled, unconsidered, completed.
Defines how insistence decreases while motivator is not adopted.
The process state of the motivator e.g. being considered, nearing
completion etc.

Processing keys to the affective model and their situational triggers
for the motivator.

Importance (e.g. neutral, low, medium, high, unknown). This may be
intrinsic or based on an assessment of the consequences of doing or
not doing

Heuristic value determining
correspond
urgency.

This influences the likelihood of (continuing) to being acted on.

rejected,

interrupt  capabilities. This should
to a combination of

The state of relevant management and meta-management
processes.
The motivatords att it undketrue, deesteian.

make false etc.

Possible plan or set of plans for achieving the motivator.

If the motivator arose from explicit reasoning i motivators need not.
A proposition P denoting a possible state of affairs, which may be
true or false

How urgent is this descriptor i this may be qualitative (e.g. high, low)
or quantitative (for example a time-cost function).
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No ofAgents 10 Time Intervals o Tjme INtérvals g 1jme  Intervals

CRIBB a&aCRIBB CRIBB aCRIBB CRIBB aCRIBB

2 325 79.5 20 80 4 77

4 29.3 76.5 9.5 725 35 71.75

8 33.63 76.5 8 64.57 21.25 65

10 29.3 65.6 55 65.6 0.6 62.1
Intervals Intervals Intervals

No ofAgents 10 Time 20 Time 50 Time

CRIBB a&aCRIBB CRIBB aCRIBB CRIBB aCRIBB

2 3.85 6.25 5.65 9.75 6.65 13.4
4 3.44 4.6 4.93 7.95 5.98 14.85
8 3.05 3.54 4.66 6.44 5.63 10.54
10 3.12 2.97 4.57 6.11 5.22 10.96

No of 10 Time Intervals 55 Time INtervals  gg 1ime INtervals
Agents

CRIBB aCRIBB CRIBB aCRIBB CRIBB aCRIBB

2 92 100 70.5 100 41.2 100
4 91.4 100 66 100 33.06 100
8 88.6 99.4 62.15 96 33.6 94.36

10 89.5 98.2 58.7 95.65 28.64 92.64

Table 2 Fungus Eater Eperiments (From top for Energy, Ore Collected and Life expectancy)

26



Cognitive Architectures for Affect and Motivation

Figures

MOTIVATOR : M#X

BELIEF SET (B), GOAL SET (D), INTENTION SET (I)
FOCUSSEDBELIEF b,, € B (Predicate, source, Time)
SELECTED GOAL gn € G (Desire Successelief, Importance)
ASSOCIATION Ay (B, Gmim, INtensity)
MOTIVATOR (B Om Ay, INSistencg Y REACTIVE FEEDBACK
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Figure 1 Motivator Enabling the Linking of Reactive, (IR, Ry) and Deliberative ([ D,, Dy)
Processes through Affeett)), and the mapping of Affdances AE) onto Actors and Objects in

an external environment
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Figure 2. The foutayer, fivecolumn CAMAL (Cognitive Architecture for Motivation, Affect

and Learning) model.
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Figure3: Fungus Consumption for Reinforcement Leasrand SMCA (CAMAL) agents.
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Figure4: Ore Collection for Reinforcement Learner and SMCA (CAMAL) agents.

29



Cognitive Architectures for Affect and Motivation

Parcantagslx]

80

Life Expectancy

A I TT™

213 ot L LLLLT

60

”—‘—‘H’—: —&— Cognition1

40

—#— Met aCog

20
0

9 1" 13 1B 17 19 21

23 25

Time(ln Cycles)
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Figure 12: hit(blueball) association vale in roboeCAMAL adaptation experiment
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