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abstract

Motivationisa central concept in the development afitonomousagents andobots. This paper
describes an architecture that usagpsychological BDI model of reasoning, combined with a
distributed multilevel modelof motivation. Therobot controllingarchitecturemakes use o generic
set of deliberative componenfslus an environmentask-centredset of reactive components that
NBFfSOG GKS | NDK Xhe &rchifedzidhasiees sédanfahomBefidifisated
environments and here is uséd control a mobile robotAtheoretical framework for motivation and
affect is given, and related to the nature of autonomy and embodime®DAmodel, based on a
psychological model of reasoningarb year old clh, is described in terms of theature of motivation
and affectwithin the architecture. Finally, criteria for judging thetma of an agent's motivation are
introduced and used to validate the motivational constructs implemented within the architecture
Experimental results lead to a comparative discussion.
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1. Introduction

Mobile robots provide an essential tool when investigating the interaction of cognitive architectures
and the physicatnvironment. Robots have been used to investigate many different aspects of artificial
intelligence such as mapping and localization techniques (Stachniss and Burgardyab@sid
Sukhatme2005), robot perceptiofFiala andBasu, 200%and rolot learrning Rodriguez et ak007:
Stoytchey 2009. This research described here seeks to use a mobile robot to investigate a specific
area of cognitive science known as the anchoring problem. The anchoring problem describes the
problem of generating and maintaing links between symbols and perceptual data

The high level aspectd the cognitive architecture haveeen developed over a number of related
projects using simulation environments (Davis, 1998yis,2001;Davis 2008 Davis and/ijayakumay
2010. This paper describes how we anchor this cognitive architecture using an embodied agent (or
robot). This research attempts to achieve two main goals. The first is to develop a robotic agent that
can learn how to achieve its goals with praor understandingof the effect of its actions. To do this the
agent must be able to identify the focus of its goal, i.e. if the goaltisuich a specific objecit must
recognise when thapbject is closeThe agent must also be able to recognise when the objective of i
goal has been achievedhis is akin to dynamically creating plémsbehaviours taachieve successful
goalcompletion Subagdjaet al. 2009).

The second goal is to develop a robotic agent that can use the learned actions in order to adapt its
behaviour within alynamic andrariable environmentThrough the use of affective metrics, plans (or

in this casdBeliefDesirelntention associations witim motivational constructs) can be weighted.
Adaptation through learning allows these weightings to be optimised forcamgnt environmental

set up, and subsequently modified as the environment changes over lfitte agent can achieve

these two goalét will have demonstrated several things. The first is that the agent can link, or anchor,
perceptual data to objects representing the focus obigdiefs,goalsand intentions at an abstract

level The second is that the agent can anchor symbols reptiegeavents and actions to perceived
changes within its environmenEurthermore, it can use these anchored beliefs to drive the goal
oriented behaviour of th@utonomousrobot in a changing and varied environment.

To achiee these goals a hybrid reactideliberative architecture has been implemented upon a
mobile robot(Gwatkin, 2009)Hybrid architectures seek to avoid the disadvantages of their
component architectures, whilst retaining all their benefits. A common hybrid architecture is the
reactivedeliberative architecture (Arkin, 1990). Here we presentathitecture consistingf several
different elements including set of lowlevel robot actions; aeactive component built fronmany
different reactive behaviou; a beliefdesireintention (BDIschema; a distributed model of affect; an
association construca domain modeland a motivational blackboard that links all these subsystems
together. All these components implemented on a robotic platform combine to nmake-CAMAL

Motivation can be cosidered as the driving force behind all the actiohsmw agent (Beck, 2000
McFarland 199]). Motivation camot be observed directly, but it can be inferred from the obséiea
behaviour of an agent (Westen, 199@)a robotic agent is to act of its owwlition, then it requires
some form of motivatiorio be incaporated within its architectureOther researchers (Stoytchewd
Arkin, 2004;Manzotti and Tagliasc@005;Stoytchey 2009 have employed such concepts with
promising resultsThis paper wiltliscus the nature of the motivational constructs used by tfudo-
CAMAlarchitecture, andshowhow motivation is grounded within its environmer@ummary results
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from extensive testing and experimentation show how effective these mechanisms are forltogtro
an autonomous robot in a structuretdi/namicenvironment.A discussion of the relative merits thie
current approach is given, before highlighting current and future directions in the concluding remarks.

2. Research Issues

This section will considesome of the issues that need to be addressed in answering the questions
under investigationrobo-CAMAL is one instantiation of the range of cognitive architectures developed
within the CAMAL research, and the first to couple the cognitivkitcture with a physical robot.
CAMALs a cognitive architecture that attempts to provide a positive answer to the two following
guestions.

The first is can theobotic agent developed here modify its goals and behaviour in response to
changesoutside of itcontrol, in a dynamic physical reéime environment.

The second question is can the agent learn which actions to use to achieve it Oymatesearch
guestion that this and ongoing projects are addressing is how can architecture learn the optimal
configuration of these various sufystems through a combination of adaptation, learning and (R eta
reasoning.The agent has a set of beliefs it can hold, actions it can perform, and goals to achieve. To
achieve its goal the agent needs to instigate the coragtion based on its current belief. Given that
the agent is given no explicit knowledge of the correct baj@dlaction combinationor associatiof,

can it determine the correct combination on its own? A related point is the case where the agent is
provided with several possible beligbalaction combinations that achieve a specific goal. Can the
agent determine which is the besbmbination, and then modify its preferred selection as the
environment changesFor a robotic agent to provide a positivesaver to these questions its
architecture needs to address several key issues within cognitive science and robotics.

2.1 The Anchoring Problem

The symbol grounding problem concerns the difficulties of generating symbols using perceptual
systems, and the naning of those symbols (Harnad, 1990). 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 obtained via the &@gatceptual system
(Coradeschi and Saffiotti, 2003). In the past within robotics, this linking of symbols to perceptual data
has been buried in the code of the agent's architecture.

Recently there has been a push to formalise the problem in order to idehéfdifficulties in linking
symbols to objects, and to either separate the anchoring process from the rest of the architecture, or
to specify when and where anchoring occurs. This approach provides insight into the specific problems
that surround the ancbring process. If an agent is to reason about symbolic representations of its
environment, it must be able to perceive its environment. It must also be able to link those perceptions
to the relevant symbols.

2.2 Situated and Embodied Cognition

Situated ancembodied cognition refers to the role the environment plays in the development of
cognitive processes within the age@lancey, 1997; Clark, 199%gifer and Scheier989). The
cognitive processes of an agent that is situatieel (s present within & environment) are determined
to a large extent by its environment.
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The cognitive processes of an agent that is embodied (has a physical body within its environment) are
determined by its interactions with its environment. In other words, cognitive pmeesevelop from
reaktime, goaldirected interactions between the agent and its environment (Thelen.&04l1). From

this viewpoint the agent can learn to achieve its goals by interacting with its environment. If this is the
case then information abolts environment and its physical body mustdeailable to the agent
Furthermore for such an agent to be considered autonomous, it must have the means to select and
achieve actions in motivated behavio@téytchev and Arkirg004).

2.3 Machine Learning

One of the questions posedarlier,is whether the agent can learn the correct behaviour required to
achieve its goal. It is therefore clear that the agent needs some fornaafifey mechanism (Alpaydin,
201Q Subagdjaet al. 2009). There are various different mechanis possibléut the one implemented
here uses aimplifiedreinforcement learning technique (Sutton and Barto, 1998). This is where an
agent learns by interactingith, and receiving feedback from, its environment.

3. CAMAL: A Cognitive Architecture for Motivation, Affect and Learning

This section will briefly introduce some of the main components ofyireeric CAMAL architecture, of
which robeCAMAL is a variant.

31 Motivation in CAMAL

Mind can be viewed asaorganisectollection of cognitive processes. These processes are integrated

in a way that enables an agent to decide its next action. One approach that takes this view is the use of
mind as a control sysite (Sloman, 1993)This takes the approach that mind is a collection of many
different control processes passing data between them asynchronously.

Motivators%
Drives ]( Goals ( Desires Intentions ( Attitudes

{ Instincts (Quantitativ% Qualitative | | Behaviours Plans 1 Norms W

Figure 1. Five major Motivational Control Statasth (norrexhaustive set of) subtypes

The ug of control states within th€ AMALlarchitecturesleads to the use of motivational coimatr
states. Figure $howsthe five (top-level)motivational control states that have beersed in
implementations to date (Davis, 2001, Davis, 2088)ther subtypeshave been investigated in other
research (Davis andijayakumay201Q. To a certain extent, motivational states to the left of this
figure can be subsumed within those to the rightr example, the intention to combine certain
behaviours and plans may subsume the desiravoid-collisions which subsumes the qualitative goal


http://www.springerlink.com/content/?Author=Budhitama+Subagdja

robo-CAMAL: A BDI Mativational Robot

no(collision, which makes use of adaptive thresholds (managed as quantitative goals) related to
instincts aml reflexes to perform specific micteehaviours (such agtop, turn-left etc.).

Drives are low level mechanisms and refer to the same types of sgsterseen from the behaviourist

or reactive perspective of motivation. The onsetaadrive is dependent onariablesthat fluctuate in
response to internal and external processes. If the variable crosses a specific threshold then the drive
activates a preset behaviour or response. Instin@ad reflexesare highly constrained drives. Instincts

and drives argresent inCAMALat the reactive levelAs the reactive aspects of CAMAL architectures

are dependent upon the application, these are typically related to specific embodiments and
environments. For example, roBOAMAL has a number of ldevel micrebehavialzZNBR 6 &uwrOK | &
right¢ Xsto@ééIurndefté S HaOhdmiambehaviour can be consideredeflex For example the

reactive control rule

IF left sonar value < threshold THEN turn right

is a preset response to a sensor variablée (reactive) threshd can be varied according to
deliberative goalsor environment Theforming ofoptimal combinatiors of micro-behaviours tacreate
a macrebehaviourcan bealsoconsideredan agen@ drive

Goals come in two types, quantitative and qualitative. Quantitagoals are the same as goals used
within control theory (Sontag, 1998Within control theory the system has a specific output that it

needs to achieve or maintain. The system uses feedback from its environment to modify its actions to
achieve or maintai that state. Quantitative goals are present witl@#MALat the reactive levehnd

the deliberativereactive interface For examplein some simulation experiment®évis and
Vijayakumar2010 we have investigated artificial physiologies and metabolisifescould design
robo-CAMAL to track other (dynamic) objects using goals that state the preferred (minimum and
maximum) rangeand tie suitable reactive behaviours direct to the perceptual systems. Such a
behaviour would then return control to the deliberaé system only on failing to meet this

guantitative goal or after performing the goal for a set time limit.

Qualitative goals describe sordesired end state for an agengrfexamplewhen an agent searches
through problem space to find a solution or ¢state. Qualitative goals are present@AMALat the
deliberative level and take the forrhit aball (in five-aside football) oavoidan object(in general
navigation)Howeverwith the adoption of BDI reasoning modilis more appropriate to think ahese
goals agropositions describinthe end states associated with desires.

Desires are symbolic statements that define a specific preferred environmental state. Desires here are
the same as those used with@BDI schema. Desires withHtAMALdescribethe specific goal, the

belief required for the goals success, and the desires importance. Desires are present at the
deliberative level withirCAMAL These take the form

goal(Desire, SuccessConditiGoallmportance, ThreatValue

Intentions are also theasne as those used withemBDI schema. They are strategipsnsand
behaviourghat are used to achieve desires. Intentions are found wi@kMALlat the deliberative
level. They take the form of predicates detailing the various possible reactive atadinés or calls to
planners or other reasoning stgdystems
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Finally attitudes are prelispositions to respond in certain ways to certain perceptual or internal

triggers. For example consider an agent developed to fpleya-side football The agent maghoose

to attack or defend. This can depend on team orders or the spemifiironmental situation (Bourgne,
2003) These attitudes affect which goals are chosen. If the attitude is to attack then the goal may be to
hit the ball. If the attitude is to defed then the goal may be to get between the ball and the scoring
zone. Attitudes are present withimbo-CAMALbut are preprogrammed prior to run time. An

attitude inrobo-CAMALrefers to thepre-definedgoal set. Different attitudes or goal sets must be
changed by the user ofine. Other research has looked at the use of metaynition to dynamically

change attitudes using collections of Norms (Davis\4dja/akumay 2010.

In summary motivational control states are distributed throughout @&MAlarchitecture. Instincts,
desires, and quantitative goals are present at the reactive level. Qualitative goals, desires, intentions,
and attitudes are all managed at the deliberatievel using a motivational blackboard system.

3.2 Reasoning using a Cognitive BDI Model

The beliefdesireintention (BDI) model (Georgeff et 4999) is a schema that calculates the actions of

an agent based on its beliefs and its desires. A belieststament about the confidence of a

proposition. The confidence the agent can have in a belief can vary. In the BDI model beliefs are based
on input from the agent's perceptual system, and its previously held beliefs. The agent's desires are a
set of goat which the agent wishes to achieve. The agent's current desires are based on its internal
state, possibly its emotional state, and its previously held desires. Coupling the agent's beliefs and its
desires generate a set of intentions or plans to achievgaals. For example the agent has a goal to

hit a ball. Its perceptual system generates the belief that there is a ball to the right. The agent can
implement a set of plans to turn the agent right and move forward.

The CRIBB (Children's Reasoning abaeantions, Beliefs and Behaviour) model was developed to
investigate reasoning in young children (Bartsch and Wellman, 1989). This schema was implemented as
a computer model to simulate knowledge and the inference processes of a child solving problems

(Wah and Spada, 20005or the current work, a major difference to the standard BDI model is that
different degrees of belief are ascribed to belief statements, according to the source of the Aelief.
preference operator allows discrimination between beligfat are based omssumptionperception
anddeduction Perception can be further suttivided to include direct perception and indirect

perception (i.e. from another agent that has some degree of trust associated with it). Hence beliefs can
be ordered acording to the degree of trust in them.

The CRIBBomputer model did not incorporate emotions present in the origo@initiveschema. The
a-CRIBB model (Lewis, 2004) was developed to investigate the use of affective computing within the
CRIBB schema-GRBB added several new elements te@tbriginal CRIBB computer model. In moving
from the first to later CAMAL models (i.e. from (Davis, 2001) to (Davis, 2008)), these novel aspects of
CRIBB were further developed, and integrated into the existigAL malel (figure 2).

In terms of the BDI model, degrees of belief could be added to every component@&QREBEBDI

schema based on a distributed model of afféidte interpretation of these realumber values is

consistent with the semantic interpretatiorf motivational states, as proposed by Sloman ()%91d

Davis (2001, 2008). Since with situated agents, many forms of sensor may be available, degrees of trust
can be ascribed to them (and modified over the-tifae of any experiment). This gives riseBelief
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statementsbased on these sensors (direct perceptiay well as ssumption and deduction, taking
reaknumber values which can propagate across the BDI schema.

Affective computing refers to the use of computers to explore emotion within cognitive architectures
(Picard, 1998). There are many different models of affect,thadries of emotion can be typified as
belonging in one afeveral types, for exaple physidogical Plutchik 1994), evoluthary Tooby and
Cosmides, 1990expressiofEkman 1994), appraik(Scherer 2001) or goal basgdatley 1992)The
affect model(extended from that in &CRIBBJlistributes affect values across the entire architecture
rather than have aentralised emotion module

Rather than use a centralised model of affect, CAMAL uses a distributed model of affect. We do not
associate emotional tags to these processes, such as fear of goal failure or happiness of association
success, oindeed embody emotions in the architecture for reasons outlined elsewhere (Davis, 2004).
In short, work on emotion is a morass of definitions and competing theoriesudgesthat we

shouldnot further this confused frameworkvith further modelsof emotion for artificial systemsThe
thesisis that overall the theory of emotion is too disorganized to be of much use in the design of
synthetic intelligence and that mogmintedly,emotionis not reallya requirementfor synthetic
intelligence Obviousexceptions are intelligent interface systems that require emotional recognition
(Teohet al., 2009 and deedanguage understanding systen®(1 and_uo, 2007. It is suggested that

a direction given bthe lesssemanticallyoverloadedterm affectis a more appropriate.

Affect Metric Aspect Process and Dimension Category Affect
Magnitude
Belief Indicator | Motivator Truth values for Semantic Content and Motivator | [0, 1]
Attitude; with following preference:
Perception » Deduction » Assumption
Commitment Motivator Motivator Acceptance (ignored to first priority) [0, 1]
Dynamic State | Motivator Motivator Processufinstantiated to complete) [0, 1]
Importance Goal Goal Importance (low to high) [0, 1]
Insistence Association | BDI Association Strengtfiow 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 [-1, 1]
(negative to positive)

Table 1 Affectmetrics used in Motivator Constructs and constituents.

Thismodel of affectmeans that various elements within the architecture have an associated
magnitude that can fluctuate according success or failure associated with that element as mapped
onto other processes and eventually actions in the environnfse¢ Table 1)The underlying

mechanism is the same affective rangeai-number valuedninus to plus 1), but used and modified in
different parts of the architecture according to need. For example, each belief has a confidence value
which reflects the reliability of that belief. Furthermore each goal has an importance value that
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determines the level of relevance of that goal to thgeat at that time. Also the association value
indicates the likelihood of success of a sgegifan given a specific belidésire combination. All these
values fluctuate and are often highly dependent on other systems within the architecture.

Associatios are a construct that consist of a belief, a desire, an intention, and an association value
(insistencg(Davis, 2008). The associations provide an indication of the past success of a specific set of

LX Fya 3IAGSYy GKS I 3Sy i Qisaldvd2aNa\BeyiticonsiSdntydetéraminelthé R RS a A
most appropriate set of plans based on its beliefs and desamed to modify them where they fail

Associations take the general form:

assocation( BeliefSgboal, BehaviourSpecification, Insistence)

Assog@tions can bere-defined(typically a small number related to high priority tasks for specific
environment configurations), or formed when the architecture is initialised, or dynamically created
whenexisting associations fail. Metavel operatorgdefine which of these modes (or combinations) is
to be preferred Where metalevel functioning is minimised (for example in the first implementations

of robo-CAMAL), the architecture is simply configured to run in a set configuration, and user
interventionis required if an alternative mode is required (through changing what in effect becomes a
architedure spanning global parameter).

The associations work in the following way. From a large list of associations the agentsesiigct

those that have a ba@f-desire combination that correspond to the agent's current belief and desire
set. Of the remaining associations the one with the highest association value is ctigsehiple
associations have identical insistence values, then the association witihadist important goal is

chosen. If multiple associations still remain, belief preference is used then list order to resolve the
conflict set. The resulting associatimpresents the set of plans that are the most likely to achieve the
givengoal. The asgiation value is modified depending on the outcome of the agent's actions. If it fails
to achieve its goathe value is reduced. If the plans succeed in achieving the goal then the value is
increasedGoals too have an affect valuenportance, which dé€JSY RA y 3 dzZLl2y GKS | NOKA
of operation, remains static over an experiment or can be varied. When in dygaalicportance

mode, goaimportance is decreased where no available associatiorp{ae) proves to be successful,
andtemporarily reduced when achieved.

The use of motivation is pervasive throwgi the architecture (Davis, 2001; Davis, 2008). The most
important aspect here is the use of a motivational blackboéntbugh which thedeliberativesystems

are coordinated A blackboard syem (Corkill, 1991) uses three components. The first is the

blackboard, which is a global structure and holds all the informagéevantto current and past

motivators (whether adopted or no§ dzOK | & G KS | I&Bsb6ciafch, feedddekcSThist > I 2 | f
structure is accessible to the whole deliberative agent. The second component consists of various
knowledge sources which access the blackboard. These extract the relevant information, manipulate it
in some way, and then post the result back to tiackboard. This could be a belief or goal update
mechanism for example. Tha&l element is a control compong in this instance a motivational
constructand its managemeniThe construct and management act as a-teyel scheduler for the
architecture,causing perceptual update, behaviour feedback, belief revision, goal update etc. To be
called in turn. This high level reasoning cycle can fork into alternative processing cycles according to
the effect each step has.
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The motivational construct consist§ @ number ofelementsas described above (for example, belief
basis, association, feedback), and where the motivator requires a call to a behaviousetesmb&Such

as a planner, or reactive stdystem), the maximum number of cycles tisabrsystem canun before
responding with feedback. This is called thactive cycle numben robo-CAMAL, and while defining
the maximum cycles a behavi@l subsystem can run, goal success can caus$g @sssation of that
processing. Agin a further parameter@etermhism) is used to specify whether such a call can be
terminated early in case of goal success (or faildrajther motivator parameters includée agent's
current goal, the association chosen to achieve that goal, and a method for evaluating that nrotivato
This evaluation allows the various knowledge sources, such as the belief revision mechanism, access to
the blackboard. This enables the motivator's success or failure to be determined. At this point the
motivational construct allows the current motivatto be modified depending on the success of the
goal.Motivation history(including feedback and beliefs arising from the adoption of a motivigor)

kept on the backboard and allovise belief, goal and association updatimgechanismgo access that
history.

4, robo-CAMAL: A Cognitive robot

Figure 2. robo-CAMAL(left) in anexperiment environmentvith ball and a further robowithin a
bounded maze

The cognitive architecture developed here (as rdbBMAL) is a combination of the deliberative
components described in the previous section and an asynchronous reacthagchitecture,
implemented on a mobile robot (left in Figure 2) and a desktop cosmp@watkins, 2009). Perceptual
data (from sonar and omsdirectional camera) and control commands are passed between the robot
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and the computer via a radio modem and a USB cable. This section will highlight some of the main
components of the architecturdnighlighting aspects that differ from the generic CAMAL architecture.

4.1 robo-CAMAL Architecture

robo-CAMALs a reactivedeliberative hybrid architecture used to control a mobile robot. It makes use
of simplified @MAL architecturevith reactive sukarchitectures tailored to the robot and its sensors
and no metadeliberative layer A schematic of the architecture can be seen in figure
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Figure 3. The robaCAMAL architecture

The deliberative componentorks as a blackboard system. A motivational blackbcardains
informationrelated to current and past motivations (and their parfEhe reasoning modulgcts as a
co-ordinatingcontrol component. The various update modu(és example Belief Revision, and Goal
Selection as discussed in section 3Ry the afect modelrelated to motivational statesare the
knowledge source®©nce instantiated (i.e. domain model loaded or indeed updated), thdime

control cycle is, at its simplest, attend to feedback on blackboard, then call (in order) belief revision,
goal update, association update, motivator update and motivator activation. Motivator activation calls
on the reactive processing (or some other module, e.g. association generation). This relatively simple
high level reasoning cycle allows the different kiexlge sources to access and update the

motivational blackboard, ana@there appropriate reenter the processing cycle earlier in the chain.

At the reactie level sensor data is passtdthe perception module. The perceptual module uses a set
of pre-definedrules tomap the sensor data and reactrgmal feedback to deliberativmessags (in
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effect a list of new belief statements). This perceptual message iegtsthe motivational
blackboard.The reasoning module then allows the various knowledge soumsa to the blackboard
in a specific order. First the belief update uses the new informatianodify its belief set. fie goal
updatethen uses theupdatedbelief set to determine if the current goal has been achieved, and what
the new goal is. The assation update then uses the new belief and goal setletermine the

relevant action ointention. The BDI schema is implemented through the use of associations. An
association is a coupling of allef-desireintention triplet, together with an affect vak. This affect
value detalils the likelihood that the intentiqivehaviour or reactive subrchitecture)of a given
associatiorwill achieve a goal given a specific belief. For example, an association with the form

association(found(ball), hitéh), movedwards(ball), 0.75))
is more lilely to hit theball than the association
association(found(ball), hit(thy, moveAwayFrom(ball), 0.25))

Associations are chosen based on the agent's current beliefs and desires. TH2 mgention is then
chosen based othe remaining associati@insistencevaluesas described above for CAMAL.

If an agent is to control its motivations, it must be able to set its own goals. If an agent is to choose its
own goals, then it must understand the context of those goals inigglab its environment. In

essence this means that a situated and embodied agent's motives must be grounded in its
environment. This problem can be viewed as part of the wider grounding problem on how to integrate
an agent with its environment (Savage, 2p@neway of grounding motivation in an agentlgough

the use of reactive systems. For example, a motor powered by a photosensitive plate may be
motivated to seek light. There is an argument that evidence of motivation within reactive systems lies
with the obsever and is not objective (Sharkey addemskerk1997) However, if this argument is left

to one side then the systems motivation is embodied in the control architecture of the sensing and
acting mechanisms (Sharkey azigmke 2000)

If an agetis motivation is based on internal representations, the issue of grounding is no longer as
straight forward as for a reactive system. These representations, and therefore the relevant motives,
must be conected to the appropriate events arattivities inthe agent's environment (Savage, 2003).
In essence an agent's motivation must be grounded to its environtieotigh itsactions.The use of
associations that include reactive behaviours as their intention ensureShisage (2003) suggsst

that, motivational grounding is derived from the interaction of an ageith the appropriate aspects

of its environment The feedback from the reactive subsystems, as described above, ensures this.

This section has discussed how motivation can be integrated with #et@genvironment using a
reactive system, or an interactive process in the a#fsgymbolic motivational states. It has not,
however, provided a way of determining whether a motivation is a simple reactive behaviour, or a
symbolic representation. The ira#is of motivation modsllookto provide a way of making such a
distindion (Epstein, 1982; Savage, 2003)

This model provides three features that may distinguish between reactive and deliberative
motivations. The first isndividuationwhich describes aagent® ability to achieve the relevant goal
using a number of different strategies. That is, the ageability to achieve a goal using an alternative
method if its preferred response is blocked.
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The second charactetis is the formation oexpectancieselating to its goal object. This relates to
cognitive representations reflecting aspects of the goal object such as how it will react under certain
conditions.

The third characteristic relates to the presence offfiectiveresponse towards the goal adit. For
examplean agent shoul@n affectvalue associated with an objetttat changes depending on the
agents' interaction with that objecThe Perceptual Feedba8lDIReactive cycle in robBAMAL does
just that, with belief, goal, intention, associati, and motivational affective values varying over time.

4.2 Reactive Component

A reactive robot is one where the perceptual input is directly connected to the motor output
(Braitenberg, 1984; Brooks, 1991). There can be various different definitionsabtahistitutes 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 these reflexes (Davis,
2001; Davis 2008). In this case the outputhigags 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 input, but also by
its internal state. This is akin to a finite state machine. The system's output and new $tasedson

its input and its current state.

The reactive component consists of a number of several different reactive behaviours. These
behaviours are modelled using software written on the desktop computer, and the robot circuit board,
as opposed to beingardwired into the robot. The lowest level consists of simple mimebaviours

that turn the robot left, or move it forward etc. These midvehaviours are programmed directly on

the robot. The micrebehaviours are combined to generate task specific maeteaviours e.g. find or

hit a specific object, or avoid objects etc.

The micrebehaviours can be grouped in specifiays to produce multiple macfehaviours capable
of (potentially) achieving specific goals suchia@all), track{edrobot), find(bladkrobot) or
avoid(objects)For example, oneeactivebehaviourusessonar to avoid objects on the right, where as
a second uses the vision system to achieve the same gdlaird instantiation, uses both sonar and
the vision systemFurthermore, he micrebehaviours can be combined using faifferent arbitration
methods:Priority Methodwhere micrebehaviouractivationpreferenceis stated through design
Aggregate Methodvhere the aggregated mictbehaviour is selectedVinner Methodwhere weights
areused to determine the preferred single miebehaviour the weights can be changed at rtime;
andBehaviour Suppressipwhere micrebehaviours when activated deselect other midyrehaviours
This provides twelve different methods of performing any sfietaskbased behaviour fte four
arbitration methods, plus the three possible perceptual modes#s, vision, sonar and vision)

The specific behaviours that make up a task dependent behaviour group are determined prior to
runtime, and defined in the Dmoain Model The specific behaviour grouping, combination method, and
sensor mode, is chosen at runtime by the deliberative component.

4.3 The Domain Model

robo-CAMALoperates within astructured, dynami@nvironment consisting of various objedtsalls,
maze, balls and other robots (both static and dynamit3)actions are also confined by what its
physical body can perceive and do. It is therefore vital that information about the @gemtironment



robo-CAMAL: A BDI Mativational Robot

and its physical body bevailable to the agentrhisencoding is achieved with the use of a domain
model. Together withthe three aspects described below, the domain model includes variables that
define values used in updating goal and association value, and other parametedefimat thresholds

for the various components of the architecture. In a fuller implementation of rFA#dMAL, a meta
deliberative layer could control these parameters and hence refine and optimise the various modules
to suit the current task and environmentiadeed, this has beenwestigated using CAMAL with
simulated environmentsenkatamuni, 2008

The domain model first defines the type of objects to be found within the agent's environment. There

is also an abstract belief schema that details the structure and constitueatspdssible beliefs the

agent can have about its environment. The domain model therefore defines constraints on the possible
beliefs that can be generated by the agent. It also defines the relationships between possible beliefs,
for example synonyms andieonyms.For example, for many experiments, the domain model specifies

a number for found objects that causes the be&eVironment(clutteredo become true, and the

default beliefenvironment(spargdo become false (see Figure 4 for first experimegt)ch beliefs act

as constraints on the belief revision system, and reflect tasks and environnitmetse belief

definitions and relationships incorporate the situated nature of the agent into the more abstract BDI
schema used in the architecture.

The doman modelalsodefines the goals the agent can have. These goaldesigned to reflecthe
possible objects and beliefs definedttwe model. They are also constrathby the possible actions
the robot can performThe domain modegbrovides a list of allte possible actions the agent can
undertake. In relation to rob@AMAL, this refers to the machbehaviours. These two elements
incorporate some of the embodied nature of the agent into the architecture.

Finally the domain model provides the object peragdtprofiles, i.e. the information required to

recognise an object. Thigo incorporates both the situated and embodied nature of the agent into the
architecture. It is situated in that it provides some of the physical attributes of the environments

objedia® LG A& SY02RASR Ay GKFG AG LINPOARSA AYyT2NXYI
perceptual data.

The use of the domain model providas©iumber okey advantages. The first is that the model allows
the situated and embodied nature of theegt to be separated from the deliberative component. This
means that, as is the case with re@AMAL, the deliberative componteran be generic and naoask
domain andenvironment specific. The second advantage is that the model makes it easy to pinpoint
when and where within the architecture the anchoring of symbols ocdure.domain model ensuse
that the generic argitecture can be tuned to robot axgent capabilities, environments and tasks

within those environments. A small change in task or envirammeith the same robot (for example
moving fromfind(ball)andavoid(robot)to avoid(ball)andfind(robot)), involves a small change to the
domain model and not to the robot architecturéhis enables a number of small tagdntric domain
models to be built independently, and then merged to form more general purpose domain models. As
the domain model includes goal importance and intentiosistencevalues an architecture that

included tak optimisation (via adaptation or learning) could optimise a given domain model for
specific tasks and environments. This can be saved and used in subsequent trials with the robot
architecture.



robo-CAMAL: A BDI Mativational Robot

4.4  Learning in robo-CAMAL

robo-CAMALmMakes use of associatisimn order to learn about theffect of its actions on its
environment.Machine learning involves building systems that can use exampleodaiast
experience to optimisehteir performance (Alpaydin, 20L0rhere are many possible methods from
supervisedearning, whereghe system is provided with controlled training data, to unsupervised
learning, where the system is given no labelled data and learns bwitsneans.

Standard BDI schemaBratman 1987; Georgeff et all999 do not provide mechanismsiftearning.
Given that robeCAMAL uses a variant on the BDI schamajodelthe reasoning of a fivgear old
child, the research into developmentalbotics Gtoytchey 2009) seems apt, but beyond the current
project. Phung et al(2005)use an Inductive Logic learning paradigm with a BDI agénile Subagdja
et al. (2009) use metkevel operators to learn plans that fit into a BDI schefodlowing on from
Subaglja and Sonenber(2005) who found standar@-learningwith a BDI schema not to be a
productive mechanism

The CAMAL architecture can build new associations on initialisation or theoymgl failure

mechanism. At its simplest, this mechanism generatigsassible beliefjoatintention combinations;
each given a default association value. Whether using a given set of assodiaifimed in the

selected Domain Modelpr using a generated set, rolS@AMAL can adapt these associations through
the modificaion of the affect value. Hera simple learning algorithm, based on reinforcement learning
with an immediate reward, is utilise®einforcement learning involves an agent performing an action
within its environment. It then receives a reward or penaltyéd on theresult of that action. By

trying several difrent actions and using thfieedback provided, the agent attempts to learn how to
maximise theotal reward Suttonand Barto, 1998.

The method with whicliobo-CAMALearns isa simplifed Q learningapproach The association value
can be written a#\(s; g; a)wheresis the stategis the goal, ané s the action. Given a constant goal
g, the algorithm for determining the association values is as follows.

robo-CAMALearning algorithm

For eactls,apair initialise the table entrA(s; g; a)
Observe the current state

Repeat

Select an actioa and execute

Observe new statsQ

Usea 1@ determine ifr is positive or negative
User to update the table entry foA(s; g; &

a H aQ

There are however some important differences betweeniithieo-CAMALand Q learning algorithrs.
The first is that the reward function is known to the agent. This means the agent can calculate its
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reward based on the observed new state. The second important difference iothaCAMALs
opportunistic.During thetraining phase, théearning attitude keeps the goal constant when looking

for new association mapping8s the goal is constant, thetaan chosen is the relevant actiestate

pair with the highest association value. This means if the agent finds an action that provides a positive
reward, it continues to execute that action. This is because only the immediate reward is considered. In
the robo-CAMALUearning algorithm, the association update equation is the same a@tifate

equation with! equal to 0.

There are several different ways of initialishadpo-CAMALLo achieve different levels of supervision
when learning. The maximum levdlgupervision involves préaefiningthe associations for a specific
goal. For each mactieehaviour there are twelve possible architecturEsr example the following set
of four associations:

association( environment(cluttered), avoid(collisions), archite¢vision, priority, avoid), 0.5)
association( environment(cluttered), avoid(collisions), architecture(vision, aggregate, avoid), 0.5)
association( environment(cluttered), avoid(collisions), architecture(vision, winner, avoid), 0.5)
association( envimment(cluttered), avoid(collisions), architecture(vision, suppression, avoid), 0.5)

define the four reactie subarchitectures foravoid/collision$, with differing arbitration methods

Another eight exist for theonaronly andvision+sonavariations.Given all he associations are pre

defined and the goal is constant, the agent only has to learn which architecture is the most successful.
This is in essence tellingbo-CAMAILwhichset of alternative reactive suéirchitectures should achieve

its goal, &d asking it to determine the best.

A relaxation irthe level of supervision is to allowbo-CAMALLo generate its own associations, but
control the environment. In this scenario the agent has no indication of what effect each action will
have on its environment. However, as the environment contains the correct object with which it can
achieve its goalit should learn the most appropriate action. This method providés-CAMALwith
training data in order to learn the best policlhe minimum level of supervision allovedo-CAMALio
generate its own associations in an uncontrolled environment.

5. Experiments

A considerable range of experiments with the robot have been performed (Gwatkin, 2009). Here those
most relevant to motivatiorand the issues described in the papee highlighted.

5.1 Association Creation

Associations can be paefinedprior to run time. However, this has the effect of controlling which
actionsare to be used for each beligbal combination. For example, the association

associationfound(blueball) hit(blueball), architecture{ision+sonarpriority, hit), 0.8 ).

linksthe goalhit(blueball)to the specific architecturarchitecturegyision+sonar, priority, hjf with an
affect intensity of 0.8.
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If the associations are not praefinedthen robo-CAMALhas a set opossibleactions with no

indication of their purposéalthough they are named to be meaningful to the human uderjhis case
robo-CAMALneeds to generatassociations. It then needs to test the new associations to determine
which is the most appropriate for each situation.

New associations are createdfaiows. First, all the agent's goals are placed in a list. Each goal is
paired with each belief the agent has at that time. Ebelief-goalpair is combined with evergossible
reactivesub-architecture. Each new association has its association satue 0.5. This means that for
eachbelief-goalpair 48 new associatiorege created. For example if the agent has the duigball),

the two beliefsenvironment(sparsegndfound(ball) the associations createate:

association(environment(sparse), hit(eball), architecture(#8), 0.5)
association(found(blueball), hit(blueball), architecturég), 0.5)
giving a total of 96 new associations.

The following experiment gives a practical example of association creation. Tém syas set up as
follows. Forthis specific experimengll the mico-behaviours were deactivated; in effeche reactive
component ofrobo-CAMALlwas reduced to nothing more than a vision system. The deliberative
component was initialised with thgoalfind(redrobot) and the beliekEnvironment(sparse)rhe

reactive cycle numbedefining how many clock cycles the reactive-sybtem is to run fonjvas set to

20. The vision system was initialised to detect an object corresponding to the object profile produced
by theredrobot A statimaryredrobotwas placed in front ofobo-CAMALwithin its lower proximity
threshold(i.e. theredrobotwas within a distance detectable to the vision system)

Once the experiment was started, the reactive component provided feedback tha¢thebothad
been found. After one minute theedrobotwas replaced by thblackrobot At this pointrobo-CAMAL
createdassociations involving the belidfsund(blackrobotpnd environment(cluttered)After a minute
the blackrobotwas replaced with theedrobot

Figure4 shows several associations with the same goal and intention. Each line represents an
alternative belief basis. Initially associations with the belgfgironment(sparse)
environment(dynamigandfound(redrobotlare created. The beliefnvironment(dynamiojomes from

the domain model assumption that if a robot is present, then the environment is dynamic. Initially the
association with the beligbund(redrobot)ncreases as it achieves its goal. Oncerdtrobotis

removed then the assmation fails and its association value is reduced.

Once theblackrobotis introduced then new associations involving the belietsd(blackrobotand
environment(clutteredare created. The belighvironment(clutterejlis generated due to the domain

model assumption that more than two objects means a cluttered environment. This appears in the
figure as the association values that jump from 0 to 0.5 (it is shown as 0 as it was not created initially as
the belief basis is antonym to the default bel@fvironment(sparse) The gap between the reduction

of the found(redrobot)association and the creation of the new association is due to the finite time
required to swap the two robots. As the reactive cycle number was set at a low value, the time taken

to change the robots over is significant. Once tieelrobotwas reintroduced the association with the

belief environment(dynamidncreases.
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Figure 4. Association generation process for tfied(redrobot)experiment.

This experiment appears to show thabo-CAMALs siccessfully learning the appropriate behaviour

to achieve its goal. However no hard conclusions can be drawn from this as the experimental set up
was so contrived. These results are git@demonstrateassociation generatioim a limited but

changing envonmentwhere the perceptual input and therefore the belief set could be controlled

5.2  Adaptation Using Goals and Associations

One important requirement for any agent is that it has the ability to adapt to a changing environment.
There are several ways\wvhich an agent can adapt, evolutionary adaptation, physiological adaptation,
sensory adaptation and adaptation by learning (McFarland, 1991).

Evolutionary adaptation occurs when agents adapt to their environment over many generations via
natural selectionPhysiological adaptation refers to the physiological changes that occur in response to
changes in the environment. For example, sweating is a response to an increase in temperature in the
environment. Sensory adaptation is when the perceptual systemssatt) the strength of the stimulus

that they are sensitive to; for example, when the pupil dilates due to a change in light intensity.
Adaptation by learning is a very general adaptation. It can refer to many kinds of things such as
learning the quickesivay to a specific location, or how best to avoid a predator. The way in which
robo-CAMAladapts is through the use of associations.

As described, each association contains four elements, a belief, a goal, an action, and a measure of the
likelihood of succss of the action given the belief and goal. Faiyo-CAMALto adapt, it needs to

choose the appropriate association. That is, the association that corresponds to its current

environment and internal state. This is done using a two stage process.
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The firststage(training phase)nvolves the agent learning which associationsaptfor a giverbelief-
goalcombination For example the association

association(found(blueball), hit(blueball), avoid(blueball), value)
will tend tofail to achieve its goailvhilethe associatiorffor the same beliegoal pair)
association(found(blueball), hit(blueball), hit(blueball), value)

should achieve its goal most of the time. It is the job ofttianing phasdo determine the relevant
associations.

Inthe second stage of adaptation after the training phasdo-CAMALhas multiple goals in a variable
environment. The task then becom&schoose the appropriate association with which to achieve one
of itsgoals. This choice is basedrobo-CAMALs internalstate, and itenvironment(or more
specifically its beliefs about its environmernit) order forrobo-CAMALto choose an association, it
needs to rankassociations. This ranking is calculateteims of the agent's belief, goal, and
association valuesh€ value ofach associations rank is calculated usiggation 1 Herea, is the
Faaz2O0Al (A 2y Qa.iskthé assogidtidnis Goal inpdrtandeS/albeis the age of the
association's belief.

1
Rank = /a,g, P 1)

Association Rank Value Variation
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Figure 5. Effect on asociation rank valuby major contributing factors

Figure 5 shows how the association rank value varies with each of the three affectaatyeandb,.
For each line on figure 5, two of the terms in equation 1 were kept constant, whilst the stated
parameter was variedt is clear from fyure 5Sthat the associatiorrankvalueincreases aav andgv
increase. It is also clear that the association rank decreases aglie€gets older. This means that for
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each association the higher g®alimportance, the more recent its beliefas formed, and the more
likely the action is to achievesigoal, then the higher its rank value.

Over time, he association value varies accorglito equation® and 3 Hereviis the current
associatiorinsistencevalue, andv1is the new associatioimsistencevalue.If the agentachieves its
goal, the relevanassociatiorinsistencevalue is increased using equat 2. If the agent failso achieve
its goal the relevant association valigedecreased usingguation 3 While numbers are given in these
equations, the numbers are taken from variables defined in the domain model.

Vig1 = Vi + {(095 - Ui) * 01} (2)
Vier = Vi — {(v; — 0.15) x 0.1} 3

The default initial goal importance value is 0.5 (or satier number defined using a variable in the
domain model). It is possible to specify other values through configuring the domain model
appropriately prior to initialisationAt each time step the importance value istieased by 0.02, up to
amaximum vale of 0.95(again variables in the domain model are used to define these vallies)
only occasin in which the goal importanoelue is not increased is if thg@nt has failed to achieve
that goal, or if the agent attempted tocaieve the goal in the puéousdeliberative cycle. If a goal is
achievedts importance value igeset t00.5 (the default goal value)f a goal consecutively faits
times, whereXis determined bythe domain model thresholdoal threat maxits importance is then
set to 0.1. The go@nportance variation cabe seen in fiure 6

Goal lmportance “ariation

(30al Impotance

D 1 1 1 1
o 10 20 30 40 50 B0 7o G0

Agent time

Figure 6. Goal importance value fluctuation over an experiment.

Figure 6 shows a goal with its importance value set at 0.1. Its value increases over time. Just before
cycle30 the goal is achieved, and its importance value is set to 0.5. The importance value then
increases again, until the goal consecutively fétimes. At this point (cycle 45) the importance value

is reduced to 0.1; it subsequently rises.

The goal impornce function has several effects. The first effect to nasaée goal failure strategyf |
a goal fails once its value is not automatically reduced. The reasoning behind this design decision is
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that the failure may be due to something simple beyond éigent's control. For example, if the goal is
hit(blueball) the agent may simply miss, or a second robot may get in the way. However-f robo
CAMAL consecutively fails on a number of occasions, then it is likely that there is sonmmaihéng
substantialpreventing it from achieving that goal. For example bieeballmay no longer be present

or have been moved by further robots in the environment. If this is the case then the goal importance
is greatly reduced to prevent its selection.

The goal's success hag effects on the goal importance depending on its previous value. If the goal
importance value was initially low due to a previous failure, its value is increased to 0.5. This reflects
that the goal is now achievable. If the goal importance value waliy high, the value is reduced to

0.5. This reflects that the goal has been achieved and is no longer as important. This prevents goals
with a high importance value being selected repeatedly.

The increase in the importance value over time reflectsvlwgable nature of the environment. A goal
that is unachievable at timemay become achievable at timiéx. For example, if there is raueballin
the environment, the godtit(blueball)will fail. Its goal importance value will be reduced to 0.1. If a
blueballis then introduced to the environment, the goal then becomes achievable. Unless the
importance value increases then the gbél(blueball)will not be selected.

The tme the belief was formed alsdfacts the association's rankalue, astie olderthe belief, the

lower the association's rank. Thigasreflect the fact thatin dynamic environmentslder beliefs may
not be as reliable or accurates more recent belief8elief revision is described in earlier sections and
again the domain model hasrole in defining maximum length of time a perception based belief can
exist, and other reasons for updating or negating a belief

These experimentshaveshown that agat adaptation withinrobo-CAMALcan be diided into two
components. Therfst is a traning phaseFirstrobo-CAMALuses the method described to leatime

most appropriate associations feach goal. The most successiabociations can then be retained by
the agent.Once the training phase is ovéing agent's environment becomesriable,and it is given
multiple goals. At this pointobo-CAMALuses its cuent beliefs, and the various &itt values, to

choose themost relevant associain. The changing beliefs andexdf valueshould mirror changes in
the agent's environmeniThe modificion of goal importance values over time ensures that the robot
systematically tries various tasks as represented by the goals in its domain model.

5.3 Association Learning

This experiment was designed to tesbo-CAMALs ability to learn the correct acth to achieve a
specificgoal. To do thisobo-CAMALneeds to be able to generate a list of associations, and sedect
correct association to achieve that goal.

For this experimeniho reactive behaviours were disallowed bobo-CAMAIlwas instantiated with a
singleobject based goahndwith the correctinitial set ofbeliefs.No associations were pefined.
robo-CAMAlwas run in onef a numbe of possible environments foné minutes. The experiment
was repeated three times foraeh environmentThe experiment was run for every object based goal
(i.e.find, track, andhit), with every possible object as the focus of that gGalen three possible goals,
three possible objects, with three experimeritssix environments, the totalumber of experiments
was 162Each experiment produced a number of associations. The vakgcbfassociation was
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recorded at every deliberative processing cyélbridgedresults(for the redrobot experimentsare
presented here.

env(dynamic), arch(sonar, priority, hi env(sparse), arch(both, aggregate, h
- - - - env(sparse), arch(sonar, priority, finc env(sparse), arch(vision, priority, finc
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Figure 7. Variation in association insistence in thi&gredrobot)learning experiment.

Figure 7 shows eight key associations (those that attain an insist@heegreater than 0.5) for the
hit(redrobot)experiment. Initially robeCAMAL has no associations. Gives goalhit(redrobot) a set

of pre-defined beliefs, and a list of the possible actions, FAMAL produced 144 different
associations for this experiment; some of these associations have default or lower values, and are
never chosen. Eight associationrs ahown, withtwo highlighting what happens to initially promising
but unsuccessful combinations (these trail off after point a). @wdassociations achieve an
insistence value significantly greater than the default value (i.e. above 0.75), andeymedipoint a

in Figure 7 (at around 50 cycles), only four different associations are selected.

Initially rooocCAMAL tries various associations in order to hitréfdrobot, all of which fail. However, at
point a, the association(environment(dynamitiif(redrobot), architecture(sonar, prioritijt))

succe@s. This can be seen in Figurasrthe line with the increasing association value. After some time
robo-CAMAL falils to hit theedrobot This can be seen by the fall in association value at po#it this

point as the association value is high, the only reason the association is not chosen must be because
the redrobotcannot be sensed and threlevant kelief is no longer present. Aaiternative association

is used to find the redrobogssociation(environmergparsé, hit(redrobot), architecture(sonar,

priority, find)), both at this point and again 50 cycleselatThis association subsequenthyes.An

alternative find behaviouarchitecture(vision, priority, finjljs chosen at point, but this too

subsequently fadesas theredrobotA & & dzo &aSljdzSyidf e ySOSNI f2ad o8
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If the redrobothas notbeen found within 25 deliberative processing cycles, then all bebkgfsrding

the redrobotare removed. With no objd beliefs presenttobo-CAMALwill deduce that the
environment is static and sparsBetween point ¢ and d, the predomant associationn this

experiment architecture(sonar, priorityhit)) contains to be selecte@xcept where the robot is sensed
but not close enough to be hit, in which case the adaptive BDI schema sees a tracking behaviour
chosen érchitecture(vision, priority, track)For the remainder of the experiment, beyond point d, the
robot is close enough for a hit behaviour to succeed. Hawvéeyond point e, an alternative
perceptual system works better at timear€hitecture(vision, winnehit)). This is represented indfiire

7 as the increas@ association valuom pointe to f. Beyond poinf, it can be seethat the two

main associadbnscloselymirror each other, and have almost have identical shapes. This occurs
becauseobo-CAMALs switching between the two associations, due to the wayBkéef revision
modelworks.Initially the association with the beliehvironment(sparseducceedsThe belief is
considered true so is left unmod#il. Howeveras the beliefound(redrobot)s held, the belief
environment(dynamidp deduced. This belief is updated with the current time value. mbens that
the environment(dynamid)elief s more recent than thenvironment(sparseelief.

One of the factors aficting the choicef associations is the age of the beljaé shown in equation 1)
In this case, as thenvironment(dynamidelief is more recent, the association containthgs belief is
therefore chosen. This cycle repeats for #revironment(sparsd)elief, thereby causing the chosen
association to swapvery deliberative processing cyclethe experiment were left to continue, no
doubt further associations would rise to tsaeirface, as the goahif(redrobot), like many others in our
experimentation, requires a series of actions (and goals) to be perforRigdre 7 shows threkit,
three trackand twofind associations; but others exist in the 144 possible associatiohs:CAMAL
does not use &lierarchical Task Network (Lekavy and Navrat, 2007), but requires a rational design of
any task specific Domain Model. In this case, the hip@kdrobot) requiresrobo-CAMAL to have first
found theredrobot then to have used thiack behaviours tde close enough to the goal object to
collide withit.

To assesthe effectiveness of robdCAMAL's learning ability two criteria were set for each association
to meet. The fist is the associatioimsistencevalue. f this value goeslmve a specifithreshold, then

the association is recorded. The thresholds chosere 0.65 and 0.75. These values were chosen as
the association values considered to be the likelihoaxf success of that association. Fexample, an
association with aalue of 1 should have a 100% sucaeds, where as a value of 0 would always fail.
The association valued 0.65 and 0.75 therefore represent likelihood values of 65% and Thése

are considered reasonable likelihood values to consider an assocaatiogingan accurate reflection

of a specift belietgoalactionmapping.

The second criteria relates to the amount of time the associajmnds above the value threshold.
Five time thresholds were chosefese were one deliberative processing cycles&tbnds, 1 minute,

1 minute 30 seconds and 2 minutes 30 seconds. The number of procegsleg spent above the
association threshold divided by thetal number of deliberative processing cycles gives a percentage
of the time the association spent aboits threshold. This can easily benverted into a real time

value as each experiment ran fové minutesIf an association persisted longer than the persistence
thresholdit was recorded.
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Table Zshows the number of correct and incorrect associations found duringetir@ing experiment.
It also shows the ratio of correct to incorrect asstions as shown in egtion 4

. correct associations
ratio =

4)

incorrect associations

Any ratio value above 1 indicates thrabo-CAMALhas successfully found more correct associations
than incorrect ones. The higher this ratio, the more accurate the learning mechanism.

Associations above
Time above value threshold
threshold 0.65 0.75

correct | incorrect | ratio | correct | incorrect | ratio
One processing cycle 210 159 1.32 181 106 1.71
30 sec 135 36 3.75 114 22 5.18
1 min 106 22 4.81 98 18 5.44
1 min 30 sec 01 16 5.69 31 8 10.13
2 min 30 sec 68 3 22.6 52 0 N/A

Table 2Total number of correct and incorrectsxiations found.

Correct associations

Time above found per 10 min
threshold Value threshold | Value threshold

0.65 0.75

One cycle 2.59 223

30 sec 1.67 1.40

I min 1.31 1.21

I min 30 sec 1.12 1.00

2 min 30 sec .84 0.64

Table 3Total number of correct associations found in 10 minutes.

The results show that overall roHOAMAL correctly identifies the appropriate association to achieve its
goal more often than not. However, if the shortest time constraint isseing rooeCAMAL's

performance is only slightly better than random. As the ratio for this constraint is only just above 1,
robo-CAMAL is identifying the correct association only slightly more than 50% of the time. If an
association is required to persistrfmore than 30 seconds, then the accuracy of the learning
mechanism increases almost three fold. It is clear from the results that the longer the association is
required to persist, the greater rob6AMAL's learning accuracy.

This increased accuracy conas price. It is also clear that thenger the association is required to
persist, the fewer the number @&fssociations to be found'his can be seen in tablewBhich showshe
average number of associations found in a ten minute period tGiaétime of the experiment was
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810 minutes. This means the tot@almber of accurate associations found divided by 81 gives the
averagenumber of associations found over a 10 minute period.

It is clear that increasing the time an association is requiogoktrsistfor increases the time it takes for
robo-CAMALto learn the correcassociations. For example, even though an association persistence of
2 minutes and 30 seconds provides a very accurate learning threghtalkiesrobo-CAMALover 10

minutes tolearn a new associatioithis behaviour is expected. The longer an association is required to
persist, the less time is available to try alternative associatieresn tables 2 and 8 can be seen that
increasing the associatidhreshold value has the s# effect onrobo-CAMALs learningaccuracy and
speed, as increasing the associaf®persistence threshold.

6. Discussion

The experiments presented the first use of the CAMAL architecture with an embodied agent. Although
not all elements of that architeare are incorporated into rob€CAMAL, the results offer promise. The
links © other architectures, for exampleoGAff (Slomanl1993), are obvious dke work on motivation

in CAMAL arose from an earlier CogAff project (Davigg)18AMAL is different imany ways, and

most noticeably in using the@RIBB BDI reasoning sche@agAff is now also being used to control
robots (Hawes et aR009) While we have yet to directly comparebo-CAMAL with these

architectures using standard benchmarks, this issané that future work will address. However such
considerations do raise some of the problems raised by Hawes et al (2009), and Hank8%3al (

earlier, in that while single task comparisoni®ai direct conparison, the nature of research and
implementaions at different institutes will necessariigpvoke differences.

Belavkin(2004) in his analysis of emotion considers valence and arousal to be useful in designing a
cognitive model. While the metrics he uses in his-RG€lated system are based on probability and
entropy, there are similarities in the use of these two conse@AMAL uses affective valence to select
and modify goals, associations and motivatiohausal relates to goals, and in CAMAL high goal
importance relates to elevated arousal, and the achievement of goals leads to the strengthening of the
valences linkig goals, belief basis and intended behaviour. CAMAL however, is not a rule based syste
adapted to use affecpr in the case of @avkin, ACR adapted to use emotion. ACR (Anderson and
Lebiere, 1998) and SOAR (Newell, 1990) are rational models adficogapted to incorporate

emotion (or affect). Indeed central tenetof CAMAL, and indeed CogAdfthat motivation is the core

of the cognitive model, and cannot laeSimplé) bolt-on mechanism

What these and further experiments, see (Gwatkin, 2p08emonstrate is thainotivationin robo-
CAMALis grounded and deliberative. The only possible doultli®-CAMAL's formation of
expectancieslt could be argued that abé agent requires thesexpectancieso be predefined via the
domain model, its mivation is not fully deliberative. However, due to the way in viahicbo-CAMAL
adheres to theéndividuationand affectiveresponse criteria, it is clear that its behaviour is faren
deliberative than reactive.

Of course, other architectures have addredghe research issues presented in this papost

pertinent to the overall aims of this research, is the mobile robotics work of Stoytchev and Arkin (2004)
in that their architecturecombines three componentsteliberative planning, reactive contrard
motivational drivesThey identify that themapping ofhigh-leveldeliberative commandsrdo a

reactive controller solves some of the probleassociated with purely reactive contrddutis equally
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difficult to solve.The approach taken in roeBBAMAL(and other CAMAL variants) offers a solution, at
least in the limited experiments performed to date. The BDI schema used with the association
mappings offers a generic solution that can be tailored to specific environmentssksl through
adaptation andearning of the domain model. The motivational model used in CAMA&veloped

from a goal based model of emotion and works at both the deliberative and reactive level. The Arkin
research uses a physiological model with behavioural triggers at thevedetiel Bothmap onto
motivational variablesind providevalid motivational and indeed complimentary modgis other
research we have used low level models in fungus eater experiments in conjunction deliberative
motivation management (Lewis, 200denkdamuni, 2009. Both approaches fit the criteria for
motivation model s adefined byEpsten (1982) However, the Arkin moddiasproblems in resolving
conflicts between the internahotivations and goals of the robot andelyoals that people set for the
robot; the conflict resolution and predicate management across the CAMAL BDI schema suffers no
such problemWe argue that the approach taken in CAMAL, and CogAff, provide for more flexible
approaches where the architecture neebsreconfigure and optimis its tasks to goals that are
achievable in the environment within which the robot finds itsklithe CAMAlarchitecturesthe
distributed model ofmotivation (andaffect) includes the confidece the agent has in begthe
importance and threat valuesf goals, thansistence values of the associaticarsthe persistence of
motivations.

The robeCAMAL implementation described here uses a naive version of reinforcement learning to

adapt associatiofas shown in the third set of experiment€)nceassociations have been generated

(or pre-defined), it can optimise the association insistence value over time to produceopiaral
configurations of the reactiveubsystems for specific beligbal combinations. The affect model is also

used to manage gals throughoutun-time. Konidaris and Bart(2006) make the point that a

motivational system is central to agent autonomy. Like Stoytchev and Arkin (2004), they use a low level
(quantitative) drive system whids used to provide metrics for a reinforcemt learning system in a

simulated agentif LJA SND & { RABINEY mpdpT O d LYy akKz2dZ R 6S y2G§SR
to that of McFarland (1991). Our work draws on McFarland at the theoretical and experimental level in

the CAMAL research andlated studies, e.g. ( Lewis, 2004; Venkatamuni, 2008)le their work has

a more rigorous learning mechanism, a direct comparison is not valKdmidaris and Bartase a

simulated agent. However,direct comparison withonidaris and Bart(2006) usf 3 { LJA SN & R2 Y|
should be possible usinbe full CAMALarchitecturebut is left for future work.

Rodriguezt al. (2007) eport on the use of a motivational system for a robot tkatmbines

reinforcement learningind agenetic algorithmThey show prorising results for a robot standard

agl tf “Pddle oot ho/gdantitative comparison with the current work is possible as metrics
for this problem are not supplied. THied(redrobo) experiment is qualitatively similar in that it

involves finding and tracking an object in a robot environment. However, the motivational system used
by Rodriguezt al.is not well developed, and we suggest the motivational system and BDI schema
presental in this paper is more widely adaptable to tasks and environments, even if the learning
mechanism is not, as yet, fully developé&ither benchmark comparisons, such as ieepaway Task

used by Whiteson et al. (2007) in their experiments with differeatrieng mechanisms for action
selection, are possible. The comparisons of Whiteson etalinteresting in that they show that

different learning mechanisms offer differing levels of performance across different task categories. A
deeper design and impleemtation of CAMAL may capture these task defined optimality issues using
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the metadeliberative Norm constructs which define operational constraints on the currently extant
architecture.

7. Conclusion

The robeCAMAL architecture was designed from the redumlist viewpoint, and conceptualised

using the theory of mind as a control system. This means that the@AMAL architecture can be
decomposed into separate functional components, and was designed to control the actions of a mobile
robot. The architeatre makes use of a number of different subsystems that have been developed over
many related projects.

At a more general levelpbo-CAMALMakes use of a hybrid, reactideliberative architecture. It uses
this set up in order to make use of a reactiystem's ability to respond and act quickly in a rapidly
changing environment. It can also use the deliberative system's ability to reason about events within
its environment, and solve problems.

Therobo-CAMALarchitecture controls and directs the actions of a mobile robot through the use of a
BDI schema, a motivational blackboard, and motivational control statés.research has addressed
the argument that to be grounded, motivation must be an interactive process between the agent's
actions and & environment (Savage, 200®) regards to this argument it is clear that the interactive
nature ofrobo-CAMAILs motivation that it is groundeth its environment. In addition, based on the
indices of motivation model (Epstein, 198®)e motivational control states used bybo-CAMAlare
predominantlydeliberative in nature.

The learning experiments demonstrate tirabo-CAMALhas the ability taanchor events and object to
pre-defined symbols. It uses the domain model to recognise an object suchlastal| and an event
such ashit(blueball) While the learning mechanism is currently naigerrent and future research will
have to address whéerthe learning process of all associatioior all tasksfor more complex
architectures and sets of behauis, is scalableZurrent research is addressing this through
formalising affect and learning model using Bayesian Reasoning coqdejgsn gen question.
Again further experimentation with the full CAMAL architecture in synthetic worlds and with robo
CAMALmay provide stronger evidence to substantiate the qualitative comparisons made here.

The agent's performance can be improved in two nvaatys. Thdirst involves a more sophisticated
domainand perceptuamodel,to enable(perceptual)learningabout new objects in its environment.
This, however, will raise new issues relatingymbol grounding and the generation@ft NI A FA OA I f ¢
symbols Following on from a longtanding analysis of the work of Barsalou (1999, 2009), new
research using roe@€ AMAL is looking to neural learning mechanishhss in turn,will require
motivationto be mapped taew interpretations of controstates possiblyat a metacognitive levebs
in the research performed byenkatamun{2008) CAMAL will then enablgd adapt to unfaniliarand
less structuredenvironments by swapping attitudegmbodied as norms at a metaognitive layer
above any of the B@Ir reasoniig schema in Figure 3he second improvement involvese addition
of a metacognitivelayer to manage the agent's goals and attidgdas well as a varialdemain
model, for example changinhe agent's attitude from a freeoam to a learning mode.

In canclusion robo-CAMALhas demonstrated an ability to anchsymbols to perceptual data witthe
use of a domain model. Thasmchoring mechanism performs very i@ a controlled environmentyut
currently struggles in a more unstructuredvironment. Thigailure ispartly due to a lack of
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sophistication in te domain modeland the relatively shallow learning mod@&his highlightgust how
important the anchoring process is to a delibévatagent ifit is to function in its environmentCurrent

work on the robotic embodiment of the CAMAL architecture looks to deepen and improve the link
between the deliberative and reactive architecture through extending the BDI constructs with Bayesian
reasoning; and to address the issues related to @gteal learning using mechanisms similar to those
proposed by Barsalou (1999, 2009).
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