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Abstract 

Cognition involves the control of behaviour both within external environments and internal 

to an autonomous system. The control of behaviour is vital to an autonomous system as it 

responds to its external environment and acts to further its goals. Excepting the most 

spartan of environments, the potential available information and the associated 

combinatorics in a perception, cognition and action sequence can tax even the most 

powerful of symbol processing agents. This research into cognitive architectures is 

described within a theoretical framework spanning major issues in artificial intelligence and 

cognitive science. This extends earlier work on motivation with a cognitive model of 

reasoning that, together with an affective mechanism, enable consistent decision making 

across a variety of different types of cognitive and reactive processes. We argue that there 

is no need for emotion in the type of systems we are developing. The affect magnitude 

concept solves some problems with BDI models, and allows for adaptive decision making 

over a number of tasks in different domains. The cognitive and affective components are 

brought together using motivational constructs. We show that the generic cognitive model 

can adapt to different environments and tasks as it makes use of the motivational models to 

direct reactive and other situated processes 
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1. Introduction 

The control of behaviour is vital to an autonomous system as it responds to its external 

environment and acts to further its goals. Excepting the most spartan of environments, the 

potential available information and the associated combinatorics in a perception, cognition 

and action sequence can tax even the most powerful of symbol processing agents. An agent 

requires some means of filtering this information. Reactive architectures with behaviors 

activated by specific sensory signals provide one means of solving this problem. Such 

architectures are limited to relatively narrow domains and range of tasks. Different reactive 

architectures are required for differing domains and tasks. Hybrid architectures extend the 

strengths of the reactive approach with mechanisms that allow a control framework 

extending beyond the transient states of pure reactive systems. This article considers the 

control of behaviour in motivated agents. It places recent investigations into affect and 

affordance within ongoing research into architectures for synthetic intelligence. It makes a 

case for the linking of perception, cognition and behaviour through affect processes 

associated with goals. Such an agent does not simply sense its environment; it perceives it 

in terms of its own agenda of beliefs, desires, goals and capabilities. The combination of 

these we term motivations. 

The philosophical foundations of cognitive science rest on a number of assumptions 

(Bickhard & Terveen, 1995). A very important one is that cognition is a natural kind (Fodor 

1983, Pylyshyn 1984). It has been suggested that emotion too is natural kind (Charland 

1995). There is a growing consensus among theorists and designers of complete intelligent 



 

systems (Minsky 1987, Franklin 2001, Sloman 2001, Minsky 2006) that synthetic minds, to 

be complete and believable, require a computational equivalent to emotion to complement 

their behavioural and cognitive capabilities. This need not be a deep model as the thesis 

behind the work on the OZ project (broad and shallow) demonstrates (Bates et al 1991, 

Reilly and Bates 1993). This requirement has been highlighted by earlier prominent 

researchers (Simon 1979, Norman 1980) in their discussions on the nature of cognition in 

biological systems. In effect to understand how human (and other) minds work, to develop 

theories about mind and to build computational systems capable of simulating (human and 

other forms of) mind, both cognitive and affective mechanisms are required. It can be 

argued that to build autonomous control systems for dynamic environments (whether 

digital or physical) a synthetic equivalent to cognition and affect is required if these 

systems are to perform in an adaptable and reliable manner. This claim is particularly apt 

where the systems are intended for environments associated with noisy and conflicting 

information. This article makes a case for developing a framework for cognition described 

in terms of motivation and related control states (for example beliefs, drives, desires, goals, 

and intentions). 

The research described here is part of a long-term project into the study of cognitive 

architectures. Our research paradigm is that of studying complete agents (Davis 2001). This 

research is in effect integrative, drawing together a number of threads in cognitive science 

and artificial intelligence, for example behaviour, decision-making, memory, and learning. 

Such agents are designed to posses and display a broad range of capabilities. Franklin 

(1997) describes a complete agent as a system structurally coupled to its environment in 



 

pursuit of its own agenda. Intelligence is therefore an activity related to purposeful 

behaviour in an environment. This definition of intelligence is not dissimilar to those used 

by Brooks (1999) and others (Agre & Chapman 1987, Kaebling 1989) in their criticism of 

the philosophy underlying much of the abstract intelligence systems studied in AI prior to 

the behaviour-based revolution. Similar arguments have been made more recently about the 

potential artificial life offers for the study of cognition (Wheeler 1999). The architectures 

described in this article accept the grounding issue, for their situated (reactive) aspects, but 

aim to demonstrate that higher (more cognitive) aspects can be generic, with the use of 

multiple reasoning models, each suited to specific domains and tasks. The project addresses 

theoretical and design issues associated with cognitive architectures, and attempts to 

resolve issues through the development of implementations that use a variety of test-beds. 

The test-beds vary from five-aside football agents through tileworlds (Hanks et al, 1993) 

and fungus eaters (Wehrle, 1994) to robotic worlds. The nature of the test-bed reflects the 

emphasis of the implementation and the theoretical issue(s) under investigation. 

2. Emotion, Affect and Theories of Mind 

Numerous prominent researchers into intelligent systems have suggested that affect-like 

mechanisms are necessary for intelligence (Simon 1979; Norman 1980; Minsky 1987) or 

will arise out of the interaction of the processes necessary for intelligent behaviour (Sloman 

and Croucher 1987). More recently, Sloman (2001) has suggested that while emotion is 

associated with intelligent behaviour, it may not be a prerequisite. If that is the case and that 

emotion is a side-effect of mechanisms in sophisticated and complex biological 

architectures, intelligence is now tightly bound to the control of these side-effects through 



 

evolution. The development of control mechanisms 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 systems. The question remains how beneficial are emotion or 

affect systems in artificial systems? 

Over the history of psychology, emotion has attracted attention. Hebb (1946) for example 

could not provide an adequate explanation for observed primate behaviour without the 

incorporation of emotion. There is no theory of emotion that is consistent across the many 

competing theory types. Most pointedly with regard to the arguments presented here, it is 

not clear what level of sophistication is required to experience emotive qualities. So, while 

the need for emotion in theories of human (primate) mind is not disputed, what emotion 

actually is and the processes and mechanisms that give rise and support its function is open 

to debate. 

Theories of emotion can be typified as belonging in one of several types, for example 

physiological (James 1884; Plutchik 1994), evolutionary (Darwin 1892), expression 

(Ekman 1994), appraisal (Scherer 2001) or goal based (Oatley 1992). This is partially due 

to different programmatic objectives within, for example, neurophysiology, psychology, 

philosophy and cognitive science. If a software engineer were to use these theories of 

emotion as the starting point for a specification of emotion in a synthetic computational 

system, a number of very obvious comments would be expected. One there is no 

consistency across these theories. Two, some of the earlier but still prominent theories are 



 

internally inconsistent. Third, most of the theories are so loosely defined that they do not 

provide for a suitable specification for a computational mind. 

Duffy (1962) considers the use of the fuzzy, ambiguous and misleading term “emotion” as 

fundamentally flawed. Such terms should be abandoned as confusing and new or clearly 

delineated terms used only where such concepts are clearly and unmistakably identified. 

There 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. While this may be true of disciplines 

that study human intelligence, the same does not hold for artificial systems. However there 

are many types of artificial system and there are quite legitimate and necessary reasons why 

a model of emotion (albeit shallow) may be required within these systems (see Sloman et al 

2004). The research paradigms of artificial intelligence, cognitive science, computer 

science and psychology overlap and any purported boundaries are somewhat arbitrary. The 

question addressed here is not to dispute the importance of emotion for human mind, nor its 

study in psychology and cognitive science, but to dispute its necessity in the design (and 

implementation) of intelligent synthetic systems. 

Griffiths (2002) suggest that there are different kinds of emotion or emotional process. This 

is different to the claim that there are basic emotions, for example (Ekman 1994), and more 

sophisticated emotions that combine the basic emotions with higher level (neocortical) 

processes. Broadening the scope to include other affective states highlights the diverse 

nature of these phenomena. There are many potential types (and labels) for the range of 

affective states. For example my office thesaurus lists twenty-seven synonyms for pleasure 

(and two antonyms). A trace through the thesaurus following up all antonyms and 



 

synonyms will quickly produce an extensive list of affective terms. It would take the 

remainder of this paper just to provide linguistic definitions. Highlighting the full extent of 

the possible relations between them (as in for example a plausible dimension of affect that 

includes pain, distress, sorrow, torment, grief etc.) is not possible here. These states differ 

broadly in their situational context, their duration and their possible effects. A complete 

theory of affect should be able to provide a coherent structure across these issues. It should 

also provide an account for these in terms of precursors, initiating events, supporting 

processes, individual and situational differences etc. 

There is also the question of what level of control structure sophistication is required for 

any of these states. It does not make (much or any) sense to discuss how an insect, for 

example an ant, can grieve over the loss of fellow ants. Why therefore should it make more 

sense to discuss how a synthetic intelligence, possibly of similar information processing 

complexity as an ant, can experience affective states qualitatively similar, in type, to grief? 

It is as yet unclear where it is even sensible to associate the concept of pain with such an 

organism. The folk psychology of affect is less strict in the application of such terms; for 

example, a mother may chide her son for “tormenting” the ant’s nest. Progress in 

understanding affect in terms of the information processing complexity of the behavioral 

control systems of the organism is required if any effort at modeling affective states in 

synthetic systems is to be something more than silicon folk psychology. 

There are many questions that research into the emotions and affect needs to address. Are 

all of the possible affective states appropriate to computational modeling? If not, which are 

plausible and why? For example how can a machine experience joy? Wright and colleagues 



 

(1996) used the CogAff architecture as the basis for an account of grief, but they do not 

imply that their computational designs would be capable of suffering so. Are there 

categories of affect that are needed if the theory of affect (and hence emotion) is to 

progress? For example, is joy is akin to pleasure, in the same way that grief is akin to pain? 

Cognitive systems that attempt to model human functioning and cognate theories need to 

explain how these are alike and the different levels of abstraction over the affective states. 

Such mind models are qualitatively different to the (insect or at best perhaps pigeon level) 

systems currently being developed by AI practitioners. Do the decision and arbitration 

functions and processes required in these latter systems really require the conflict resolution 

processes to validate their choices in terms of a shallow and sometimes arbitrary use of 

emotion?  

Earlier research into computational emotion and affect (Davis & Lewis 2003, 2004) 

concluded that for the design of artificial minds, we can distinguish between affect and 

emotion in terms of magnitude and type. Fishbach et al. (2004) demonstrated in a 

psychological study that there is a transfer effect between achievement of goals and the 

means by which the goal was achieved. The transfer mechanism was shown to impact the 

magnitude of affect experienced in regard to the means in question, as well as its kind 

(involving, e.g., promotion-type affect or prevention-type affect). The kind of affect relates 

to emotive qualities such as anger, joy, etc. Such decision-making based on emotion types 

has been used in a number of artificial systems, for example (Frijda & Swagerman, 1987; 

Ortony et al, 1988; Scherer, 1993; Velásquez, 1998). Given that we are not focussed on 

linguistic capabilities of mind, and for the reasons listed above and in (Davis & Lewis, 



 

2004), this dimension of affect is now omitted. Its inclusion offers no bonus and its 

exclusion reduces theoretical confusion and complexity. However mechanisms defined in 

terms of the magnitude of affect offer benefit to the design of the perceptual, cognitive and 

intentional aspects of our architectures.  

3. A Multi-Layer Model of Affect 

Rolls (1999) describes four broad categories of brain complexity: mechanisms that function 

in term of taxes (for example reward and punishment); mechanisms capable of stimulus 

response learning via taxes; mechanisms capable of stimulus reinforcement association 

learning and two-factor learning; and finally explicit systems that guide behaviour through 

syntactic operations on semantically grounded symbols. One approach to cognitive systems 

is to consider control systems that work in terms of the taxonomy of Taxes that Rolls 

(1999:table10.1) provides. Taxes are primary reinforcers, positive or negative for example 

reward and punishment, and provide a currency for decision making. The taxonomy is 

differentiated primarily in terms of the five sensory modalities, reproduction and a 

collection of diverse reinforcers related to social and environmental interactions. The 

reinforcers, either positive or negative, can be mapped onto drives and affective states 

through control mechanisms. In the somatosensory modality for example pain is a negative 

reinforcer, while touch positive. Control over action is a positive reinforcer. An important 

feature of Rolls theory of Taxes is an increasing sophistication of affect models from 

implicit drives to implicit goals to explicit motivations defined in terms of the less 

sophisticated. There is no wholesale replacement of the simpler mechanisms, but an 



 

expansion in terms of number, type and complexity. We suggest the magnitude of affect 

provides a viable taxes mechanism by which such mechanisms can function, and 

demonstrate how this can be utilised in our computational model of affordances. 

We are developing a theory of affect that draws on themes such as control states and 

motivators (Simon 1967; Sloman 1987, 1993; Davis 2001) and affordances (Gibson 1979). 

We define affect in terms of reinforcers over processes and representational structures. 

These are qualitatively defined over negative, neutral or positive values, as in the work of 

Rolls (1999), or numerically over the interval (-1.0,1.0). The reinforcers are used to modify 

the affordance model associated with goals and the means to achieve goals. Some initial 

work (Davis 2003) looked to develop a fuzzy (and/or neural) valued processing model that 

maps across these measures at different levels of the architecture through the affect column 

shown in Figure 3. This builds on and relates to the valences developed for motivational 

constructs (Davis 1996, 2003). Hence, affect forms the basis for a control language in an 

agent architecture. It allows external events and objects to take valenced affordances, and 

allows the results of internal mechanisms to be prioritised and compared via a consistent 

model of valenced processes. At the deliberative level, affective values can be associated 

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 

behaviours, whether positive or disruptive, this multi-layer 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 

manner.  



 

4. Control States and Motivations 

The control state approach to cognition (Simon 1967, Sloman 1993) builds on an 

assumption that cognition is an epistemic process that can be modelled using information 

processing architectures. Such information processing architectures can be in any number 

of non-exclusive control states. The processing of information can give rise to changes in 

the current set of extant control states. The nature of the information processing is 

dependent upon the currently extant control states. The same information may be processed 

differently in different control states. Some of these changes are predictable, some 

deliberative, others reactive. Other changes are emergent and may be unpredictable. 

Previous research has attempted to organize motivational control states in an initial 

taxonomy as a starting point for future research (Davis 2001). Figure 1 provides one 

taxonomy of five major types of motivational control states with subcategories. The 

processing requirements and representational qualities associated with these categories vary 

but become more generic as the taxonomy is ascended. The relationships between these and 

further motivational states are described below. The term motivation is used with caution 

and is meant to be inclusive of all internal (and external) control states that focus a 

cognitive architecture to some specific type of problem solving or behavioural activity. 

Savage (2003), building on Epstein (1982), suggests a differentiation between instinctive 

and motivational behavior. Three features (individuation, expectancies and affect) can be 

used to discriminate between the two, or at least provide indications to the extent that any 

system is instinctive or motivational. “Individuation”, is an observable phenomenon, and 

relates to a capacity for goals to be realized by one of a variety of actions. This flexibility in 



 

achieving goals is not seen with instinctive behaviour. Instinctive behaviour sees the same 

limited or identical repertoire of actions across a species in similar circumstances. For 

example, mayflies only breed in very specific circumstances and there is no variation across 

the species. “Expectancies” are similar to “affordances” (Gibson, 1979). They reflect 

different aspects of the cognitive processing associated with realizing goals under varying 

circumstances. Expectancies resemble high level perceptual qualities or environmental 

situations interpreted according to the context of current goals. “Affective” qualities are 

internal qualities associated with motivational behaviour and defined in terms of somatic, 

neural or psychological activity.  

Motivators

Drives Goals Desires Attitudes

NormsQualitativeQuantitative

Intentions

PlansBehavioursInstincts

 

Figure 1. Taxonomy of Motivational States 

Drives are low-level, ecological, physiological, and provide the basis for many biological 

agent’s behaviour in the world. Drives are periodic, short-lived and are defined in terms of 

resources essential for an agent. Much of the work on motivations in biological agents 

(McFarland, 1993; Toates, 1998) and artificial life animats (Pfeifer, 1996) is described in 

terms of drives. In biological agents such drives include thirst, hunger, and reproduction. 

Instincts, as discussed above, are a very constrained form of drives. The mechanisms 



 

underlying such motivational states are typically pre- or non-conscious. Thresholds for the 

onset and satiation of such drives are variable and dependent upon processes internal to an 

agent and external factors arising through the agent’s interaction with its environment. 

Drives can be modeled relatively easily in computational agents using intrinsic control 

structures (for example quantitative goals – see (Konidaris & Barto 2006)), or in 

architectures capable of supporting adaptive state automata or fuzzy logic mechanisms. 

Drives do not necessarily require deliberative mechanisms, but can instantiate further 

motivational states (such as Desires or Goals) that do. For example a Drive to maintain an 

agent’s energy level may give rise to multiple Desires: to maintain its energy level; to seek 

energy sources; and to collect energy sources. The addition of other Drives (for tasks and 

targets) requires some form of arbitration mechanism to decide on a best course of action. 

 
T2 T1 T0 T3 

1

0

Energy Drive Signal Condition Drive (S) Desire 

E < T0 0 → SEnergy  

E < T1 1 → SEnergy Seek(Agent, Energy)

E < T3 (T3-E/T3–T1)→SEnergy Seek(Agent, Energy)

E > T3 0 → SEnergy  

D < T2 (D-T1/T2–T1)→STarget Seek(Agent, Target)

D > T2 1 → STarget Seek(Agent, Target)

 

Target Drive Signal 

 

Figure 2. Model for Energy and Target Drives (with Desire Equivalents) 

Quantitative goals are the types of goals discussed in engineering control theory (Sontag, 

1998) and reinforcement learning, for example (Maes, 1989; Toates, 1998). They can 

encompass drives (for example the Target Drive Signal in figure 2). The differentiation 

from drives allows for more flexible representations and process models. Iglesias and 

Luengo (2005), uses mechanisms based on artificial life principles for goal generation in 



 

intelligent virtual characters. Mathematical models are used for a number of Drives that 

underlie a heterogeneous set of internal states, for example energy, sociability, boredom 

and anxiety. Anxiety is defined in terms of a measure of the frustration caused by trying to 

perform a goal and failing in the attempt, as given by the formula katktA 100),( = (for goal 

k at time t with time ak to achieve the goal). These internal states are used (as a feasibility 

metric) together with an affective quality (wish rate), again defined mathematically to 

generate a goal priority, which is used for goal selection. Once selected goal metrics are 

subsequently modified to reflect their success. While not attempting to fit with any 

theoretical model of goal selection, it demonstrates that applications can benefit from the 

use of affect models to prioritise activity. Konidaris and Barto (2006) define a number of 

critical properties for (robot) motivational models. These include metrics for goal priority, 

action selection, reward and feedback. They build upon (Spier 1997), and demonstrate that 

drive-based metrics used in choosing between reactive behaviours, should be comparable to 

those used in providing adaptive behaviour. Here we extend this perspective to be inclusive 

of other categories of control state. 

Qualitative goals are seen in many artificial intelligence models of problem-solving. For 

example, Newell and Simon (1972) describe problem solving as a search through problem 

space. Problem space can be described in terms of states and paths between states, where 

the solution state is defined as the goal state. Qualitative goals are the types of motivators 

discussed in most planning literature (Nilsson 1998), where an agent or robot must act to 

achieve or maintain some state of the environment. In many respects these are analogous to 

the end states associated with Desires. While processes involving the manipulation of 



 

knowledge are typically referred to as symbolic, they need not necessarily be so - see 

(Kosslyn 1975, Freeman & Skarda 1990, Brooks 1991). In the model being developed here 

problem-solving is a component of goal-directed action or control. Where there is an 

obvious path for the transformation of an initial state into the goal state, these state space 

operators can be modeled as reflexive or reactive behaviours. The conditions for the 

applicability of these components can be packaged as qualitative goals whose plan is to use 

specific behaviours. Where there is no obvious path or method of achieving a solution, a 

series of partial (sub-) goals may be tried and reasoned about in terms of qualitative goals 

over sub-symbolic behaviour, or more orthodox planning. 

Desires can be viewed as (deliberative symbolic) statements defining preferred agent and 

environment states. Task-directed behaviour in embodied reactive agents define intentions 

to transform current agent and environmental states in an implicit way. In either case, 

excepting the representational issue, this is analogous to their use in BDI architectures 

(Georgeff & Lansky 1987), for example desire(agent, stateY). Desires can be underpinned 

by Drives and in turn underpin Goals and other purposeful behavior, for example 

Intentions. In BDI architectures (Bratman, 1987) intentions are adopted strategies for 

achieving desires. As such they can involve the adoption of specific plans and/or 

behaviours to achieve the intended desire. Thangarajah et al. (2002) detail a number of 

formal models (and rules) that enable a logically consistent set of Goals to be maintained 

given a non-consistent set of Desires. In an effort to overcome known problems with the 

formal models used in specifying goal management in BDI agents, they invent preference, 

priority and goal ordering operators, but fail to specify the basis for the metrics used in 



 

these operators. CRIBB (Wahl & Spada 2000) provides a different perspective on BDI, 

representing the reasoning capabilities of a five year child (Bartsch & Wellman 1989). The 

CRIBB model has been extended with an affect and affordance model (Lewis 2004) that 

maps onto attributes of a motivational structure in the schemas described below. 

The remaining category identified here, attitudes, are pre-dispositions to respond to specific 

sensory or cognitive cues in specific ways. In experiments with Five-aside football 

(Bourgne 2003), agents adopt different attitudes (for example, attack, defend) in response 

to team orders or game situations; the change in the attitude requiring a change to the 

motivational model then in force. The motivational model affects perception and the 

criteria by which goals are selected. The work on norms in computational agents (Epstein 

2001, Staller & Petta 2001) is relevant to this category. Norms provide for preference 

operators, typically based on social and interactive models, that enable goals to be 

prioritised. A change in the currently invoked Norms can invoke changes in the active 

preference operators within domain and tasks; or require different task-models to be 

adopted. The former affects how reinforcers are used in goal, association and motivator 

feedback. The latter requires a redefinition of the current goal (and association) model 

being used; i.e. different goals and potential means of achieving goals. Experimentation 

across different task domains and task definitions within domains has led the development 

of an architecture with mechanisms to allow dynamic and adaptive decision models. Again 

the affect model provides the framework for these (meta-)cognitive adaptations. 

Anything other than the simplest of architectures should be able to support multiple 

instantiations of a combination of the motivational states given above. Different approaches 



 

to building synthetic agents will favour alternative solutions. Reactive approaches may 

favour implicit drive and goals through the integration of task related behaviours, for 

example (Agre & Chapman, 1987). The problem remains how to prioritise between 

behaviours given the possibility of multiple actions, i.e. arbitration mechanisms. Behavior 

weighting, inhibition and subsumption (Brookes, 1998) are well used. There however 

remains the problem of allowing comparisons between transient and more long-term states. 

The use of pure deliberative mechanisms will coerce decisions to be made between reactive 

drives and more abstract goals in terms of conflict resolution mechanisms perhaps 

inappropriate for drives. 

The use of a multiple level control system allows for the management of this otherwise 

disparate set of motivational states. It allows Drives best managed at the reactive level, to 

be dealt with at that level, while the management of goals and desires occurs at the 

deliberative level. Attitudes and norms are managed at the deliberative and meta-

management (reflective) levels. This raises the problem of possible conflicts between the 

actions required of these layers, requiring some means of activity prioritisation that is 

consistent across a hybrid architecture. Even in non-complex environments, situations 

where several behaviours are in conflict will occur frequently. Heuristic models can 

provide an evaluation function to resolve this. The experimental and theoretical research 

presented here allows activity prioritisation to be made in terms of affect magnitude, and its 

interpretation in different contexts. The affect model can be used to compare drives, 

desires, goals and the means to achieve them (i.e. intentions). It allows decision making 

across different types of processes to remain consistent, and allows feedback and adaptation 



 

where required. The adopted affect models provide dynamic evaluation functions that 

demonstrate a processing consistency across mechanism such as perception, goal selection 

and the different processing paradigms inherent in hybrid architectures. The schema by 

which this is coordinated we term motivations. 

5. Representing and Controlling Motivations 

Motivations are more encompassing than drives, goals and indeed plans and behaviours for 

accomplishing goals or satisfying drives. Motivations include not only the descriptions of 

goals and their actor and environmental contexts (for example basis for actions, belief states 

etc.), the means to achieve specific goals (whether through plans or behaviours) but define 

an affective context. In the computational systems described in the following section, 

activity and behaviour at one level is represented and directed within other layers. For 

example a specific reactive sub-architecture with a particular sensor set, can be associated 

with specific belief, desire combinations with a given affordance. This motivator, once 

adopted, causes the reactive sub-architecture to run with no further deliberative processing. 

The reactive processes can invoked with parameters defining success and fail conditions 

(Find ball in ten cycles, do not hit any object, etc.) The motivational processes and 

associated deliberative reasoning (for example belief revision) can be subsequently invoked 

once any of these are met. The primary conjecture is that the design and implementation of 

such architectures can proceed using a systematic control language to direct the processing 

within an intelligent system. This control language is grounded in affect, and aims to be 



 

consistent across different domains, tasks and levels of processing. This enables the 

architecture to adapt, learn and create new decision models. 

The computational work is being developed with no explicit requirement for emotion type 

but rather a reliance on magnitude of affect (a valencing of and within internal processes), 

affordance (a valencing of the environment and entities within that environment) and 

motivational constructs to guide both internal and external acts. The generic 

representational schema makes use of fifteen components that reflect the nature of the most 

expansive of motivational control states (Davis 2001). In many instances, for example 

behaviours related to drives, many of these components are unused and the motivators can 

be manipulated by mechanisms analogous to the reactive planners of Kaelbling (1989). 

Where required more extensive (and computationally expensive) deliberative processes are 

used. An instance of this is the motivator merging, given in (Davis 2003), which makes use 

of mechanisms analogous to those used in teleological planning (Nilsson 1994). 

 
Valence Aspect Process and Dimension Category Affect 

Magnitude 

Belief Indicator Motivator Truth values for Semantic Content and Motivator Attitude 
Perception » Deduction » Assumption 

[0, 1] 

Commitment  Motivator Motivator Acceptance (ignored to first priority) [0, 1] 

Dynamic State Motivator Motivator Process (instantiated to complete) [0, 1] 

Importance Goal Goal Importance (low to high) [0, 1] 

Insistence Association BDI Association Strength  (low to high) [0, 1] 

Intensity Motivator Motivator Strength (low to high) [0, 1] 

Urgency Motivator Urgency (low to high) or time cost function [0, 1] 

Decay Motivator Motivator Decay (low to high) or time cost function [0, 1] 

Reinforcer  Affect Goal and Association Feedback (negative to positive) [-1, 1] 

 

Table 1. Valences affecting motivational constructs. 

The affective valencing of processes and representational structures can be given, as a 

domain or task model, or the agent can adapt or learn appropriate affordances according to 



 

its role and current environment. 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 a motivational state. Such a control state can lead to the 

generation of internal processes requiring the agent to modify its behaviour, 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 different categories of 

cognitive and animated behaviour. To paraphrase Mearleu-Ponty (1942), an agent is driven 

to learn, adapt and act in its environment by disequilibria between the self and the world. . 

The current task model may be adapted, with changes in motivational affordances as a 

result of behaviour-environment interaction. Alternatively the task-model may be extended 

with new belief-desire-intention associations, or an alternative task model used. The 

valences used in the current motivational structure (tables 1 and 2) provide the means to 

characterise the disequilibria. The multi-dimensional measures associated with the 

motivational construct, in effect, provide the fitness function for easing any such 

disequilibria. The problem remains how to generate these values and decide across the 

current stack of motivators in a manner that does not rely on ad hoc control heuristics. 

Goals, associations and motivators need to be valenced in a number of different ways, for 

example intensity, urgency, insistence. Goals can be preventive (ensuring that certain 

environmental or agent states do not arise) or assertive (ensuring that the environment is 

changed in some way). From the total set of goals available to the agent, a subset of those 

not currently achieved (i.e. they do not match to the current belief set), are selected as 

potential sources of action. Goals that have recently failed can be retracted from this subset 



 

if the appropriate goal selection strategy is in use. The remaining goals are then matched to 

currently valid associations (i.e. associations with their Basis to be found within the current 

Belief set). This Belief, Goal association combination forms the basis of a motivator. 

Where no goal is currently valid, the currently failed goals and the belief set are examined 

to determine if a more weakly supported goal is viable. For example, goals rejected because 

the belief that negates their selection is based on an assumption, rather than deduction or 

perception. Alternatively the association set and past (failed) motivators are examined to 

determine if an alternative means of achieving a failed goal is possible. This again enables 

more weakly supported goal selection. Where the selection of a goal is not possible (no 

matter how weakly supported), the architecture uses its domain-defined default (reflexive) 

behaviour (for example, do nothing, explore the environment for objects, avoid collisions 

etc.). This behavior persists until it provides feedback to initiate a new Belief-Desire-

Intention cycle. Alternatively if the meta-cognitive processes recognise a failing decision 

model, alternative task models can be used. 

Table 2 gives examples of goals and associations defined using this model for two domains. 

Goals take the form goal(Desire,Success,Importance) where both Desire and 

Success are defined in terms of predicates that may be found within the belief model. 

Associations take the form association(Belief,Desire,Intention,Insistence) 

where Basis and Desire are again defined in terms of predicates that may be found within 

the belief model. Importance and Insistence are defined in terms of the affect model. 

Intention is defined in terms of plans, activity or behavior (for example a reactive sub-

architecture specification) that may be suitable for achieving the Desire given the Belief 



 

basis. For some domain, task combinations we have used prior experimentation to generate 

success data for the association model. This data is accessed to build a competence model 

at run-time. Where no prior experimentation has occurred, a completely new (and Desire-

Intention exhaustive) set of associations is generated. 

 
Domain Aspect Definition 

Robot Ball  Goal goal( avoid(collisions), not(hit(Object)), low ) 

Robot Ball  Goal goal( find(ball), found(ball), high ) 

Robot Ball  Goal goal( find(robot), found(robot), medium ) 

Robot Ball  Association association( environment( sparse ), find( ball ), 
                    reactive(true, true, method1), medium ) 

Robot Ball  Association association( environment( dynamic), find( robot ),  
                    reactive(true, true, method3), high ) 

Robot Ball  Association association( environment( sparse ), avoid(collisions), 
             reactive(true, false, method2), high ) 

Robot Ball  Association association( environment( dynamic ), avoid(collisions), 
             reactive(true, false, method2), low ) 

TileWorld Belief belief( environment(sparse), deduction, 50 )  

TileWorld Belief belief( near(tile), perception, 55 )  

TileWorld Goal goal( avoid(collisions), not(hit(Object)), high ) 

TileWorld Goal goal( pick(tile), hold(tile), high ) 

TileWorld Association association( environment( sparse ), avoid(collisions),  
                    reactive(true, false, method2), high ) 

TileWorld Association association( near(tile), pick(tile),  reactive(false, true, methodpick), high ) 

  

Table 2. Beliefs, Goals and Associations from Two Domains used in Experimentation.  

Motivators combine goals and associations, with perceptual object references, parameters 

for running behaviours, and are compared in terms of their Intensity. The Intensity 

of the motivator is given by Insistence(Association) * Importance(Goal) * 

TimeStamp(Belief)/Current Time. As Time is represented as an increasing integer, 

this equation favours associations with their belief basis founded on more recent events, 

and Goals related to recent changes in the environment. Alternative decision models are 

possible. Motivators are ordered according to this metric, with (in the default decision 



 

model) the highest valued motivator selected. Hence for the Tileworld situation given in 

table 2, a motivator to pick a tile using methodpick would be chosen, with its Intensity 

value reflecting the belief basis as more recent for this goal association pairing. Where 

multiple motivators with identical Intensity are generated, the one with the highest goal 

importance, then highest association insistence provides a conflict resolution mechanism. If 

the belief basis for the Robot Ball domain associations were all true with an identical 

timestamp, and goals valid, the motivator to achieve the find(ball) goal with the 

method1 association would be selected over the find(robot) goal with the method3 

association combination (which has an equal motivator intensity), as it has the highest goal 

importance. Where no means to achieve a goal is available or left untried, the competence 

model is extended with novel Belief-Desire-Intention combinations (with a default mid-

range Insistence value). In all cases Insistence values are modified by Reinforcers as 

associations are used within motivators. Reinforcers are in effect numeric values 

generated via feedback from actions (as indicated in Figure 4). If an association succeeds, a 

Reinforcer increases its Insistence; failure causes a negative Reinforcer to be 

generated. This allows the architecture to adapt and modify the means by which it can 

achieve goals. Goal Importance does not normally change at run-time, unless the agent’s 

norm model changes. As experimentation continues, and more unpredictable, novel 

environments are explored, this aspect of goal management will be tied in with explorations 

into reflective (meta-cognitive) cues for learning about norms. The current architecture 

modifies its current task model and adopt alternative decision making strategies at the 

deliberative level, with the research into meta-cognitive processes yet to be integrated. 



 

6. Computational Architectures for Motivation and Affect 

Current work on architectures for motivated agents is based on experiments in the theory, 

design and implementation of affect and motivation based architectures (Davis 1996, 

2001). It builds on the ecological perspectives offered by Gibson (1979), and on the work 

of Simon’s control state theory. Preliminary work (Davis 1996) centered on motivators and 

goals, how they come into being and how they are managed. The architectures developed in 

this work, and related research into a multi-level representational framework for emotion 

(Davis 2002). Those works made use of variations of the three column, three level 

architecture developed with the Cognition and Affect project (Sloman 1993, Davis 1996, 

Wright et al 1996, Sloman et al 2004). This led to work on agents and control states (Davis 

2001), again focused on goal processing, and the adoption of a psychology based model of 

reasoning in children, CRIBB (Wahl & Spada 2000), in the work with Lewis (2004). 

Current work develops these threads further. 

There is longer an unequivocally commitment to variations of a three-column, three layer 

architecture (Gat 1998). The research requires other frameworks to be used for a number of 

reasons. Figure 3, for example, shows a four tier, five column design that provides an 

abstract template for all our implementations. We assume that modularization, for certain 

cognitive processes, is feasible. The approach taken is one that merges the principles of 

architectural parsimony (Hayes-Roth 1993) and the conceptual ease through architectural 

expansion of Singh and Minsky (2003). Architectural parsimony requires that we include 

no layers, components or mechanisms unnecessarily, while the principle of conceptual ease 

allows the separation of processes and mechanism as further columns or layers if this 



 

enables clarification of the principles under investigation or ease of design and/or 

implementation. In one satellite project, the reflective processes are separated into multiple 

layers for learning, meta-control and metacognition as this eases progress. 
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Figure 3. The Four Tier-Five Column Architecture 

CogAff and most of the three layer architectures differentiate between the three towers of 

perception, cognition (or models) and action across all layers. This provides a useful 

starting point to consider the contexts for processing across an architecture. However, as 

Sloman and colleagues (2004) point out, this can lead to an inherent bias to simplistic left-

to-right processing models based on Sense-Think-Act cycles. Such cognitive models may 

suffice for simple agents with limited tasks but hinder more sophisticated information 



 

processing that include feedback, directed perception and sophisticated behaviour-

environment interaction.  

In the most recent design, the four represent reflex, reactive, deliberative and reflective 

processes. The five columns enable the separation (and modularization) of perception, 

affect and affordance processes, generic cognitive processes (planning, behaviour selection 

etc), a motivational blackboard and output to actions. Only in the most mundane of 

environments is the Sense-Think-Act cycle not interrupted. The theory requires, the design 

indicates and the implementations allow information flows as indicated by the arrows in 

figure 3. Singh and Minsky (2003) present a realm matrix approach that discriminates 

between, for example, the Bodily Realm, Physical Realm, Sensory realm, Psychological 

realm, Social Realm etc. Mappings across these realms provide for simple and complex 

models of information processing. For example mappings across Sensory to Bodily to 

Physical Realms provides for a simple Sense-Think-Act cycle for a mobile robot. More 

sophisticated processing follows. In this abstract model, there exist reflexes and reactive 

behaviours that allow a direct response to sensory events. These can provoke processes or 

being modified at a more abstract level. Other automatic processes necessitate the 

generation of deliberative control states to achieve their goals. The reflexive and reactive 

processes are domain and task-defined. In any one domain (for example, five-aside soccer 

agents), the currently loaded reflex, and available set of reactive mechanism changes 

slightly as the agent adopts different roles. As the domain changes, and hence the tasks 

change more radically, a wholly different set of reflexes and reactive capabilities may be 

required. The deliberative layer represents those (control state) processes typically studied 



 

in thinking, human problem solving etc., plus other processes related to the management of 

low level actions. Earlier experimentation (Davis & Lewis, 2003, 2004) made use of an 

architecture (ACRIBB) based on cognitive models of reasoning in children (Bartsch & 

Wellman, 1989; Wahl & Spada, 2000). The results from ACRIBB show that an affect 

model, incorporating perceptual affordances and affect magnitude, improved both life 

expectancy and task efficiency in stressed environments. This is now incorporated into the 

architecture described here, with the ACRIBB BDI reasoning model providing a default 

information flow across the columns of the architecture at the deliberative level that 

integrates perception, goal processing and action selection. The association of current states 

(for example beliefs) task descriptors (for example, goals) and the means to achieve them 

(intentions in the form of plans, behaviours and reactive sub-architectures) can be given, 

modified or learnt. The decision models in place ay the deliberative layer, together with the 

reactive and reflex behaviours (and sub0-architectures) are situated. The reasoning models 

and motivational framework are generic and domain independent. The reflective processes 

serve to monitor cognitive behaviour or control it in some other way. In one current project, 

the reflective layer provides the means by which the agent initiates learning activities, 

through the recognition of extreme affective states associated with failures to map internal 

models of action and behaviour to the current tasks and domain. More extreme affective 

states (symptomatically categorised as a loss of control or perturbance), for example 

persistent attempts to establish goals with actions that continually fail, are effectively 

clamped by means of self-regulatory processes within the architecture; again based on a 

theory of affect. 



 

From a theoretical, design and implementation stance, high level and low level processes 

coexist and interact in a holistic manner through the use of motivation and affect. In effect, 

goal processing, planning, decision making and other cognitive processes are not purely 

abstract but exist in relation to other automatic, affective, motivational and situated 

processes. They are, in effect, embodied within the context of their interactions with their 

underlying (situated) processes and the agent’s relationship(s) with its environment. In our 

current work the general deliberative processes are not changed for differing testbeds. The 

more generalized levels of the architecture interface to task-specific behaviours and 

reactive sub-architectures through the use of domain specific belief, goal and association 

models. The dynamic processes associated with these models, such as belief revision, goal 

management and action selection are generic. In effect, we are developing the cognitive 

architecture with a range of competencies (domain skills, reactive sub-architectures) and 

tasks (modelled as desires and goals). In some experimentation, the implementations are 

purposefully given the wrong task model. Where task domains are not too dissimilar, for 

example where there is some overlap of objects between domains, the architecture quickly 

adapts to achieving those goals that are possible with whatever current capabilities (i.e. 

reactive sub-architectures) are available, irrespective of how insignificant the goals were for 

their intended domain. The architecture is currently being developed with meta-cognitive 

capabilities enabling autonomous domain models switches on recognition of goal (desire or 

intention) perturbance. 

The current framework extends earlier work with an architectural global blackboard for the 

motivational constructs. Earlier research (Davis 1996, 2001) did not separate motivational 



 

processes from other cognitive functions. This sub-architecture allows beliefs, goals and 

intentions to be linked using the motivator structure detailed above. The blackboard is 

managed by motivational control processes, allows the activation of deliberative and 

reactive processes with the intention of achieving currently selected goals, and provides for 

feedback via a coupling of deliberative and reactive sub-architectures to achieve goals 

(Figure 2). Feedback to the blackboard can initiate motivator assessment, belief revision, 

goal management and association updating. The process history on the blackboard can 

ultimately trigger deliberative and reflective processes responsible for domain model 

management. The use of this blackboard again demonstrates the cognitive architecture 

relies on more than the default Sense-Think-Act cycle. 
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Figure 4. Motivator Blackboard Enabling the Linking of Reactive (Ri) and Deliberative 

(Di) Processes through Affect (AT), and the mapping of Affordances (AE) onto Actors and 

Objects in an external environment 



 

Langley (2006) identifies three architectural paradigms used for developing cognitive and 

intelligent systems. One, the multi-agent system approach, was characterised as flawed for 

cognitive systems due to its requirement for inter-agent communication. The blackboard 

approach resolved this problem as communication is bypassed in favour of interactions 

with data and knowledge on the blackboard. However Langley states that the blackboard 

approach is inappropriate for cognitive architectures as it fails to meet a number of 

requirements stated by Newell (1990) in his unified theories of cognition. In particular he 

makes the assumption that a blackboard system cannot meet requirements for module 

independence and the use of representational, process and learning schemas for memories, 

beliefs, goals and knowledge. We argue that the blackboard paradigm can provide a useful 

and viable approach for cognitive architectures that does not break constraints imposed by 

cognitive theory, and offers a diversity of control and representation paradigms (Englemore 

and Morgan 1988). The blackboard approach serves as a useful computational model for 

the design and implementation of cognitive models based on the global workspace 

perspective (Baars 1997, Franklin 2001). 

This extended motivational blackboard provides context for the dynamics of ongoing 

processing. Both architecturally generic and motivational construct specific processes can 

access the blackboards and in turn be influenced by their content and processes. 

Experimental work with Five-Aside football scenarios (Nunes 2001, Bourgne 2003) 

revisited the representational structure and processes associated with motivators (Davis 

1996, 2001). This laid the foundation for the use of affect and affordances to valence the 

motivational constructs. The association of perception, behaviour and abstract 



 

representations about plans of actions and the relevance of actions and entities in the 

environment with agent internal worlds is now defined and compared in terms of common 

criteria. Affect magnitude (and affordance) become the means by which the agent 

architecture can weigh and control the economics of its processing. It provides a means 

whereby attention can be directed to the most relevant and/or pressing aspects of the 

interactions of the agent with the environment, its needs and its goals. Related work (Davis 

and Lewis 2003, 2004) suggests that adding a simple model of affect to cognitive desire 

and intention models such as CRIBB (Bartsch and Wellman 1989), result in more effective 

processing and task management in resource competitive environments. This now extended 

affect mechanism in hand with the blackboard scheme for motivation provide a 

sophisticated interaction between low level (reflexive), reactive, deliberative and meta-level 

(reflective) processes. More recent work with robotic and simulation test-beds has led to a 

strengthening of the reasoning mechanisms, with an improved version of the CRIBB BDI 

model. In this model perceptions not only update the Belief model but are also used as 

feedback to evaluate motivational states, and allow the (adaptable) affect model to be used 

for prioritising goals and belief-desire-intention associations. The current implementations 

work well with a variety of Intention models (as represented in Figure 3 by the action 

column, or through the direct coupling indicated in Figure 4) including reflexive, task-tuned 

reactive and planning sub-architectures in a number of domains. 



 

7. Discussion 

As the designer of artificial intelligent systems one could ask what is the biological 

analogue to the information processing complexity of the system being designed and 

developed? If it is insect, does it need affect or emotion and would not some other control 

criteria be more appropriate? In short is there a need for emotion in the system. The 

developer of multi-media interfaces (Kort et al. 2002) may require some form of affective 

processing in generating hypotheses about the emotive state of the user sat outside the 

video camera within the interface. But do all artificial systems require an emotion system 

for intelligent behaviour? 

The reason these questions are raised is the ongoing efforts of cognitive scientists across 

many disciplines, philosophers, psychologists, computer scientists, neurophysiologists etc., 

to move the theory of affect (and emotions) forward. The roots of current theories reside in 

folk psychology and historical theories of affect. Are the efforts of the practitioners in 

giving their artificial systems emotion helping this progress? The AI and Cognitive Science 

literature is littered with overlapping and disjunct definitions, with the same term being 

used as a referent to many kinds of disparate activity. It is suggested that the theory of 

synthetic intelligent systems can progress without the need for emotion per se but with a 

requirement for 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 recognise highly 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 neurophysiology, philosophy and psychology can afford functional 

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 

emotion types and categories. It is suggested here that in order to make more substantial 

progress, efforts are required to provide the means by which we can categorise the types of 

information processing systems in existence and being developed, whether natural or 

synthetic. A means of providing the discriminatory criteria necessary to perform such 

conceptual analysis, built from the substantial work of Sloman and others (2004) has been 

given here.  

In negating the use of emotion some alternative is required, not just simply to mirror the 

fact that natural minds use emotion but because some form of motivational control 

language is required to do anything associated with mind. Consider activities such as 

sensory attention, behaviour selection, goal maintenance and the learning of new skills. 

There needs to be some metric or fitness function, whether explicit or implicit, to provide a 

means of conflict resolution. For example given two contrasting percepts, both of which are 

equally viable for an agent to act on, but which require mutually exclusive processing, how 

does the agent determine which to attend? Without the appropriate criteria to choose 

between two equally plausible activities, the agent in effect will have to choose at random. 

Many artificial systems in the past have used ad hoc control heuristics to solve 

prioritization of activity or heuristically defined domain parameters. Here we suggest that at 

a theoretical, design, architectural and implementation level a consistent valencing and 



 

control language across processes and mechanisms, described in terms of affect magnitude, 

may offer more in the pursuit of synthetic intelligent systems.  

Merleau-Ponty (1942) considered that humans are moved to action by disequilibria 

between self and the world. If a descriptive model can be provided for these disequilibria 

then it may be possible to use it as a design framework for synthetic minds. The 

phenomenological approach to the analysis of human behaviour implies a distinction 

between an agent’s internal and external environments. For any specific agent, there may 

be no differentiation in the extent to which either of these is real. One implication is that 

reasoning and behaviour is activated by a need expressed in terms of descriptors for drives, 

concerns and goals. Excepting the most spartan of environments, the potential available 

information and the associated combinatorics in a perception, cognition and action 

sequence can tax even the most powerful of symbol processing agents. An agent requires 

some means of filtering this information. Reactive architectures with behaviors activated by 

specific sensory signals provide one means of solving this problem. Such architectures are 

limited to quite narrow domains and range of tasks. Combining multiple reactive 

architectures to provide more general purpose capabilities is possible. Such a system 

requires the means to decide between the available reactive architectures. Here a general 

purpose cognitive motivational model is used to resolve this problem. 

Consider a highly modular architecture for a synthetic mind. Within this framework exist 

many vertical and horizontal modules, some highly specialized and responsible for specific 

activities and processing, some generic, some very localised and others more global. It can 

be argued that that there is a requirement for global mechanisms to provide context and 



 

allow the integration of modules. The global (contextual) mechanisms may be based on 

ideas such as computational chemistry (Adamatzky et al, 2005), global workspaces (Baars 

1997, Franklin 2001), blackboards (Hayes-Roth 1993) or some combination. Should and 

how can the control architecture make consistent decisions across these different modules 

and mechanisms? We have used multiple-level representation based on the idea of affect 

magnitude and taxes. For example in integrating behaviours (whether innate, adapted or 

acquired) into a skill sequence for a particular context, affective dissonance, a negative 

feedback, provides a fitness function to be minimized. At the individual module level, a 

fitness function mapping input to output (for example as an affordance and accordance over 

the requisite sensori-motor mapping) is required. At a more abstract level, multiple valued 

schema as local blackboards, for reasoning about motivations, goals and other forms of 

control states, are used. Again varieties of affect magnitude provide a consistent valencing 

mechanism across control states, behaviours and architecture levels. 

From a broader perspective cognition can be viewed as problem solving and behaviour 

selection. Problems can be categorised (Greeno 1978, Eysenck, 1990) in a number of ways. 

Routine problems, with well defined paths from given to goal state, can be solved used 

reactive or reflex behaviours. Well described problems, where a clear representation is 

possible, can be solved using a combination of behaviours in sequence, but requiring 

deliberation to determine appropriate behaviour sequences. Arrangement problems (Hayes-

Roth et al, 1979), requiring the arrangement of mainly pre-existing problems and partial 

solutions, require further adaptation in the cognitive models available. Representational 

forms capable of supporting these problem solving capabilities can be symbol or signal 



 

based. Signal based forms may be reactive and/or connectionist in nature. Learning enables 

new solutions to existing problems and the categorisation of new problems as an exemplar 

of (an) existing problem(s). The perspective presented here is that problems can be defined 

in terms of beliefs and desires. Solutions to problems can be defined in terms of goals and 

intentions. Motivations provide the representational structure to link problems and possible 

solutions. 

8. Conclusion 

This paper has presented an architectural approach to cognition as the linking of perception 

and action with a theoretical basis grounded in the work on affect and control states. This 

research is a synthesis of concepts based on an analysis and investigation of how different 

perspectives on autonomy, affect and motivation map onto computational frameworks. It 

has offered insights into the nature of homogeneous mechanisms across different 

processing, representational and knowledge levels, and their explanatory role in describing 

mental phenomena. The described architecture and its implementations demonstrate how 

artificial life and emergent behaviours can be combined with the more abstract decision 

making processes associated with cognitive agents. This work is a step towards a better 

theory of cognition and affect 

There are controversies about the terminology used in this 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 intelligence. The framework presented here attempts to 



 

harmonise these differences in a coherent manner across transient, mediating and 

permanent control states. Affective events and environmental behaviors are examples of 

transient states. Goals, plans, motivations and reactive subsystems are examples of 

mediating control states. Long term dispositions (norms), domain and task models are 

examples of more permanent cognitive states. 

We confronted the now widely held requirement for emotion in intelligent systems on a 

number of grounds. The starting thesis is that overall the theory of emotion is currently too 

disorganised to be of much use in the design of synthetic intelligence, and that many 

computational models of emotion are ad hoc, not furthering the purposeful investigation of 

the subject. More pointedly, emotion type is not really a requirement for many forms of 

synthetic intelligence, and that the more straightforward concept of affect magnitude with 

taxes or reinforcers, can be used to enable effective decision-making. Our model draws on 

the work of Rolls (1999), and others, studying motivational behaviour in biological and 

synthetic agents. The affect model provides the basis for adaptation, learning and control 

across qualitatively different classes of processes in a cognitive architecture. Affect and 

affordance become the means by which a sophisticated agent architecture can weigh its processes 

and control the economics of its processing. It provides a means whereby attention can be directed, 

resulting in more effective processing and task management. It also provides a consistent 

solution to some of the problems associated with Belief-Desire-Intention reasoning models 

(for example, preference operators). The competence model enables the cognitive 

architecture to focus attention on important objects, goals and the means by which goals 

can be achieved. We have explored naïve learning and adaptation over the affect model 



 

guided by motivations, with affect magnitude as a useful “fitness function”. The 

investigation of deeper learning capabilities, for example developing perceptual symbol 

symbols using connectionist ideas (Barsalou, 1999) will test this idea more fully and extend 

the link between motivation, perception and action. Continuing research, in robotic and 

simulated environments, will determine how complex are the states arising from the 

adoption of this model, and demonstrate that cognitive architectures are both generic and 

situated. 
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Figure 1. Taxonomy of Motivational States 
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Figure 2. Model for Energy and Target Drives (with Desire Equivalents) 
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Figure 3. The Four Tier-Five Column Architecture 
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Figure 4. Motivator Blackboard Enabling the Linking of Reactive (Ri) and Deliberative 

(Di) Processes through Affect (AT), and the mapping of Affordances (AE) onto Actors and 

Objects in an external environment 



 

 
Valence Aspect Process and Dimension Category Affect 

Magnitude 

Belief Indicator Motivator Truth values for Semantic Content and Motivator Attitude 
Perception » Deduction » Assumption 

[0, 1] 

Commitment  Motivator Motivator Acceptance (ignored to first priority) [0, 1] 

Dynamic State Motivator Motivator Process (instantiated to complete) [0, 1] 

Importance Goal Goal Importance (low to high) [0, 1] 

Insistence Association BDI Association Strength  (low to high) [0, 1] 

Intensity Motivator Motivator Strength (low to high) [0, 1] 

Urgency Motivator Urgency (low to high) or time cost function [0, 1] 

Decay Motivator Motivator Decay (low to high) or time cost function [0, 1] 

Reinforcer  Affect Goal and Association Feedback (negative to positive) [-1, 1] 

 

Table 1. Valences affecting motivational constructs. 



 

 

 
Domain Aspect Definition 

Robot Ball  Goal goal( avoid(collisions), not(hit(Object)), low ) 

Robot Ball  Goal goal( find(ball), found(ball), high ) 

Robot Ball  Goal goal( find(robot), found(robot), medium ) 

Robot Ball  Association association( environment( sparse ), find( ball ), 
                    reactive(true, true, method1), medium ) 

Robot Ball  Association association( environment( dynamic), find( robot ),  
                    reactive(true, true, method3), high ) 

Robot Ball  Association association( environment( sparse ), avoid(collisions), 
             reactive(true, false, method2), high ) 

Robot Ball  Association association( environment( dynamic ), avoid(collisions), 
             reactive(true, false, method2), low ) 

TileWorld Belief belief( environment(sparse), deduction, 50 )  

TileWorld Belief belief( near(tile), perception, 55 )  

TileWorld Goal goal( avoid(collisions), not(hit(Object)), high ) 

TileWorld Goal goal( pick(tile), hold(tile), high ) 

TileWorld Association association( environment( sparse ), avoid(collisions),  
                    reactive(true, false, method2), high ) 

TileWorld Association association( near(tile), pick(tile),  reactive(false, true, methodpick), high ) 

  

Table 2. Beliefs, Goals and Associations from Two Domains used in Experimentation.  

 


