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Abstract

In the biological literature on animal behaviour, in additiorreal experimentsaandfield studies,also
simulation experimentsare a useful source of progress.Often specific mathematicalmodelling
techniques are adopted and directly implemented in a programming language. Modetérgpmplex
agentbehaviourss less adequataising the usually adoptedmathematicamodelling techniques.The
literatureon Al and Agent Technologyoffers more specific methodsto designand implement (also
more complex) intelligendgentsand agentsocietieson a conceptualevel. One of thesemethodsis
the compositionalmulti-agent system design method DESIRE. In this paperit is shown how
(depending on the complexity of the required behaviour) a simulation ffosdatimal behaviourcan
be designedat a conceptualevel in an agent-basedhanner.Different modelsare shownfor different
types of behaviour,varying from purely reactive behaviour to pro-active, social and adaptive
behaviour. The compositionaldesign method for multi-agent systems DESIRE and its software
environment supports the conceptual and detailed design, and exetuti@semodels.A numberof
experimentgeportedin the literature on animal behaviourhave beensimulatedfor different agent
models.

Keywords: computersimulation, agent,animal behaviour,delayedresponsereactive, pro-active,
social, adaptive

1 Introduction

In the study of animal behaviour within Biology it is more amore recognizedhatin additionto
real experimentandfield studies,alsosimulationexperimentsare a useful sourceof knowledge
and verification; e.g., see [3], [17], [23], [30], [36fiewed from a softwareengineeringand Al
perspective the techniques usedbtild suchanimalbehaviourmodelsare limited. Often specific
mathematical techniques (such as game-theoretic or connectionist nanelatiyptedand directly
implemented in a programming language. In accordance with the gmos#rematicalzontentof
the models,the typesof intelligencewithin the animal are kept limited. This providesa useful
perspectivef the study of soicial patternsemergingfrom simple individual behaviours(and
interaction with each other and certain physical environments) is concernetirastingresearch
areaas such.However,animalsmay also be ableto show more complexpatternsof behaviour.
Modelling more complex agent behavioursis less adequateusing the commonly adopted
mathematical techniques. The literature on Al and Agent Technology ofteesspecific methods
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to design and implement (also more complex) intelligent agents and agent sociat@soeptual
level; e.g., [5], [6], [12], [20], [21], [28], [33], [35], [42].

The aim of this paper is to show that modelling techniques from ARgedt Technologymay
provide useful tools to build animbehaviourmodels.In particular,the useof the compositional
designmethodfor multi-agentsystemsDESIRE (see[5]) to design,implementand experiment
with agent-basedsimulation models for animal behaviouris discussed.It is shown how
(dependingon the complexity of the requiredbehaviour)different typesof animalbehaviourcan
be modelledand simulatedat a conceptualevel on the basisof DESIRE. Different (variants of)
reusablecompositionalagentmodelswere usedto modelthe different requiredbehaviours.The
advantage of this approachthat the modelsare designedat a high conceptualevel, in termsof
the processesinformation and knowledgethat is needed,and abstractingfrom implementation
details. Nevertheless they can be executed by the DESIRE software environment.

Simulationof animalbehaviouris an interestingtype of applicationfor multi-agentsystems.
Both areas can benefit from a maensivestudy of this type of application.The areaof multi-
agent systems can benefit from the more detailed analyses and distinctions that henexleézn
different types of animal behaviour. The study of animal behaviour can benefit from software to
for agent modelling at a conceptual level that support simulation.

In Section2 a problem description(a descriptionof a pseudo-experimentis presented;n
Section 3 the principles behirlde modellingapproachusedare briefly discussedin Section4 a
generic model of purely reactive agent is introduced which is an adequate agent model to describ
the (immediate) functional character of stimulus-response behavioubladkbox is represented
by the agentcomponent.The stimuli form the input (observationresults),and the responsés
formed by the actions generated as output.

In Section5 a genericagentmodel is presentedhat can be usedto model more complex
behaviour. It includes not only components tiegaresenthe agent'smemory(the agent’'sbeliefs
on the world and on otheragents) but also componentghat representhe agent’scapabilitiesto
control its own behaviour (for example, via goal-directnessdaptation)the agent’sinteraction
with the world, andthe agent’scommunicatiorwith otheragents.This genericagentmodel has
been used to obtain different agent modetsdifferent typesof animalbehaviourthat go beyond
purely reactive behavioudelayed response behaviour, deliberate pro-active behaviour. In Section
6 an agent model is introduced $ocial behaviour andin Section7 an agentmodelfor adaptive
behaviour. In Section 8 the behaviouod the different agentmodelsintroducedare comparedor
each of the situations defined in Section 2.

2 Problem Description

Oneof the mostimportantaspectof agents(cf. [42]) is their behaviour.In the past, behaviour
has been studied in different disciplines. In Cognitive Psychologythe analysis of human
behaviouris a major topic. In Biology, animal behaviour has been and is being studied
extensively.Around 1900 a discussiontook place aboutthe mannerin which observedanimal
behaviourcan be interpretedin order to obtain an objective and testabledescription;for an
overview,see[2], [40]. A risk of taking the intentional stance(e.g., [16]) as a perspectiveto
explain behaviour, is thaxplanationsare generatedhat makeuseof (a large numberof) mental
conceptghat cannotbe testedempirically. Thereforethe principle of parsimony was introduced,
statingthat ‘in no casemay we interpretan action as the outcomeof the exerciseof a higher
psychical faculty, if it can be interpreted as the outcome oéxbeciseof onewhich standslower
in the psychological scale’; see [31].



Building further on this perspectiveehaviourism was developedge.g., [22], [34], [37], [41].
In this approach animal behaviour is explained only in terms of a black box tleacfgatternof
stimuli (input of the black box) from the environmentgenerates response (output of the black
box), thatfunctionally dependon the input patternof stimuli; i.e., if two patternsof stimuli are
offered, thenthe samebehaviouroccursif the two patternsof stimuli are equal. This view was
also extendedto humanbehaviour.Becauseof the underlying black box view, behaviourism
discouragedreferenceto internal (mental) activities of organisms:any speculationabout the
internal functioning of the black box (i.e., the processeghat might mediate betweensensory
inputs and behavioural outputs) was forbidden; cf. [40], p. 4.

The deliberations put forward above dhastratedby a very concreteexample takenfrom the
discipline that studies animal behaviour; e.g., [40]. The example was chosen lesqmuseents
with animalswith respectto food havebeenperformedand reportedin the literaturein extenso
during the last century.Animals, for exampledogs, sometimesshow a delayed response: they
look for food in places where they haseenfood before. This suggestghat theseanimalsmight
have some internal representationror memory of stimuli received earlier. More systematic
experiments on this delayed response iskuegxamplethosereportedin [25] and[39], support
this suggestion.

2.1 The Domain

The type of experimentreportedin [39] is setup as follows (see Figure 1). Separatecby a
transparenscreen(a window, at positionpo), at eachof two positionsp1 and p2 a cup (upside
down) and/or gieceof food canbe placed.At somemoment(with variabledelay)the screenis
raised, and the animal is free to go to any position. Considerthe following three possible
situations:

Situation 1 At both positiong1 andp2 an empty cup is placed.

Situation 2 At positionp1 an empty cup iplaced,andat positionp2 a pieceof food, which is
(and remains) visible for the animal.

Situation 3 At positionp1 anemptycupis placedandat positionp2 a pieceof food is placed,
after which a cup iplacedat the sameposition, coveringthe food. After the food
disappears under the cup it cannot be sensed anymore by the animal.

Situation 4 At positionp1 an empty cup is placed and at positioia cup and a pieaaf food is
placed, in such a manner that the animal did not see the food.

In situation1 the animalwill not show a preferencdor eitherpositionp1 or p2; it may evengo
elsewhereor stay whereit is. In situation 2 the animal will go to position p2, which can be
explained apure stimulus-responsbehaviour.In situation3 the immediatestimuli arethe same
as in situation 1. Animals that reactarstrictly functional stimulus-responssmannerwill respond
to this situationasin situation1. Animalsthat show delayedresponsebehaviourwill go to p2,
where food can be found. In situation 4 aninvails behaveasin situation1; however,herethey
can find food and eat it, and therefore be reinforced in successful behaviour.

In the literature, many reports can be found of observeddelayed responsebehaviourin
experimentsof the type describedabove: [40], p. 4-5. The animal speciesused in these
experiments vary from rats anidgsto macaqueschimpanzeesind humaninfants. Therefore,it
is assumed that animals of ttype studiedmaintaininternal (mental)representationen the basis
of their sensorinput, andthat they make use of theserepresentationgin addition to the actual



sensory input that is used) to determine their behaviour. In a way it can be said that they may a
deliberate agents.

Figure 1 Situation 3 of the experiment

2.2 The Requirements

In this paper five agent models A, B, C, D antbEthe experimentare describedThe following
requirements on their behaviour express possible hypotheses that can be maithe Bbbaviour
of animals in the experiments:

A. An agent with purely reactive behaviour should behavethe same for the two
situationsl and 3 describedabove:doing nothing, asif no food is present.Only in situation 2
should it go to the position of the food.

B. An agent with delayed response behaviour should behavethe samein the situations
2 and 3: it should go to the position of the food. In situation 1 it should do nothing.

C. A deliberate pro-active agent’s behaviourin the situations1, 2 and 3 dependson
whether the agent has a motivation or goal to do so. E.g., the agent may start agtirayantive
manner (without any specific stimulus) in situation 1.

D. A social agent is ableto takeinto accountcommunicationwith other agents.If another
animalis presenthat communicateshatit wantsto havethe food (e.g., by growling), and the
agent believes that this other agent is highehe hierarchy,thenthe agentwill nottry to getthe
food.

E. An adaptive agent is ableto adaptits behaviouron the basisof experienceslf the cups
have different colours, and a certain colour is usedmore often for cups underwhich food is
hidden, then after some learning time the agent has a preference to look for food at positions w
cup of that colour with priority.

3. Compositional Development of Multi-Agent Systems

The agent-baseshodelsfor animalbehaviourdescribedn this paperhavebeendevelopedusing
the compositional development method DESIRE for multi-agent systems (DEsign and
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Specificationof InteractingREasoningcomponents)cf. [5]. The developmenbf a multi-agent
systemis supportedby graphical design tools within the DESIRE software environment.
Translationto an operationalsystemis straightforward;the software environmentincludes
implementation generators with which formal specificaticasbe translatednto executablecode
of a prototype systenin DESIRE, a designconsistsof knowledgeof the following threetypes:
processcomposition, knowledge composition, the relation betweenprocesscomposition and
knowledge composition. These three types of knowledge are discussed in more detail below.

3.1. Process Composition

Processcompositionidentifiesthe relevantprocessesit different levels of (process)abstraction,
and describes how a process can be defined in terms of (is composed of) lower level processe

3.1.1. Identification of Processes at Different Levels of Abstraction

Processes can be described at different levels of abstraction; for examplectssof the multi-

agentsystemas a whole, processeslefined by individual agentsand the external world, and
processeslefinedby task-relateccomponentf individual agents.The identified processesre
modelledas components. For eachprocesshe input and output information types are modelled.
The identified levels of processabstractionare modelled as abstraction/specialisation relations

betweencomponents.componentsmay be composed of other componentsor they may be
primitive. Primitive components may be either reasoning componentbésedon a knowledge
base),or, componentscapableof performing tasks such as calculation, information retrieval,
optimisation. These levels of process abstraction provide process hiding at each level.

3.1.2. Composition of Processes

The way in which processes at deeel of abstractiorare composedf processest the adjacent
lower abstractionlevel is called composition. This compositionof processess describedby a

specificationof the possibilitiesfor information exchange betweenprocessegsatic view on the

composition; for an exampleeeFigure 7 below), and a specificationof task control knowledge

used to control processes and information exchatygartic view on the composition).

I nformation exchange

Information exchange defines which typesrdbrmation can be transferrecbetweencomponents
andthe informationlinks by which this canbe achieved Within eachof the componentgrivate
information links are defined to transfi@formationfrom one componento another.In addition,
mediatinglinks are definedto transferinformation from the input interfacesof encompassing
components to the input interfaces of the internal components, and to transfer informatithre from
output interfacesof the internal componentsto the output interface of the encompassing
components.

Task control knowledge

Components may be activatedquentiallyor they may be continually capableof processinghew
input as soorasit arrives(awake).The sameholdsfor informationlinks: informationlinks may
be explicitly activatedor they may be awake. Task control knowledge specifiesunder which
conditions which componentsand information links are active (or made awake). Evaluation
criteria, expressed in terms of the evaluation of the results (sucdedlsi@), provide a meansto
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further guide processingTask control knowledgespecifieswhen and how processesre to be
performed and evaluated. Goals of a process are defingna task control foci togetherwith the
extentto which they are to be pursued.Evaluation of the successor failure of a process’s
performanceis specified by evaluation criteria together with an extent. Processesmay be
performed in sequence or in parallel, some may be continually “awake’, (e.g., eddetto new
input as soon as it arrives), others may need to be activated explicitly.

3.2. Knowledge Composition

Knowledge compositionidentifies the knowledgestructuresat different levels of (knowledge)
abstraction,and describeshow a knowledgestructurecan be defined in terms of lower level
knowledge structures. The knowledge abstraction levels may correspond to the process abstra
levels, but this is often not the case.

3.2.1. Identification of Knowledge Structuresat Different Abstraction Levels

The twomain structuresusedas building blocksto modelknowledgeare: information types and
knowledge bases. Knowledge structurescan be identified and describedat different levels of
abstraction At higher levels details can be hidden. An information type definesan ontology
(lexicon, vocabulary)to describeobjectsor terms, their sorts, andthe relationsor functions that
canbe definedon theseobjects.Information types can logically be representedn order-sorted
predicate logic. Anowledge base defines goart of the knowledgethatis usedin one or more of

the processes. Knowledge is represented by formulae in order-sorted predicate logic, which ca
normalised by a standard transformation into rules.

3.2.2. Composition of Knowledge Structures

Information types can be composed of more speicifarmationtypes, following the principle of
compositionality discussed above. Similarly, knowletlgeescan be composedf more specific
knowledgebases.The compositionalstructureis basedon the different levels of knowledge
abstraction distinguished, and results in information and knowledge hiding.

3.3. Relation between Process and Knowledge Composition

Eachprocessn a processcompositionusesknowledgestructures.Which knowledgestructures
are used for which processess defined by the relation between processcomposition and
knowledge composition.

3.4 Generic Models and Reuse

Instead of designing each and every new agent application from scragofistarg genericmodel
canbe used.Genericmodelscanbe distinguishedor specifictypesof agents,of specific agent
tasks and of specific types of multi-agent organisation.The use of a generic model in an
application structures the design processattgisitionof a conceptuamodelfor the application
is based on the generic structures in the model. A model can be generic in two senses:

* generic with respect to thpeocesses or tasks

» generic with respect to tha@owl edge structures



Genericitywith respectto processe®r tasksrefersto the level of processabstraction:a generic
model abstracts from processes at lower levels. A more specific model with regpecessess
a model within which a number of more specific processedoatex level of processabstraction
are distinguished.This type of refinementis called specialisation. Genericity with respectto
knowledge refers to levels of knowledge abstraction: a generic rabsiehctdrom more specific
knowledge structures. Refinement of a model with respect to the knowledge in specific domain:
application, is refinementin which knowledgeat a lower level of knowledge abstractionis
explicitly included. This type of refinement is caliedtantiation.

Reuse assuch,reduceghetime, expertiseand effort neededto designand maintainsystem
designs. Which components,links and knowledge structures from the generic model are
applicablein a given situation dependson the application.Whethera componentcan be used
immediately,or whetherinstantiation,modification and/orspecialisations required,dependson
the desired functionality. Other existing (generic) models can be used for specialisatimods;a
existing knowledgestructures(e.g., ontologies,thesauri)can be usedfor instantiation.Which
models and structures are used depends on the problem description: existing matalstanes
are examinedrejected modified, specialisecand/orinstantiatedn the contextof the problem at
hand.

3.5 Process hiding and external observation of behaviour

The notion of process hiding is giveslarpdistinctionin whatis visible from outsidean agent,
and what happens internally. At the abstraction levéh@fvhole agentno referencecanbe made
to the internal concepts.Only the actionsand observationresultsare specified at this process
abstractiorievel. This correspondso what an humanobservercan observefrom the behaviour
(from the black box perspective)the ‘stimuli’, and the ‘responsebehaviour’. For example,the

term ‘the animalshowsa delayedresponserefersto this processabstractionlevel, and leaves
open by which internal processes the animal achieves its behaviour.

Descriptionsthat refer to processeshat areassumedo take placewithin the agentare at one
processabstractiorievel lower. A (theoreticallydebatablephrasesuch as ‘the animal shows to
havememory’ refersto this lower processabstractionlevel, and entails an assumptionon how
things are arranged internally.

4 An Agent Model for Purely Reactive Behaviour

An agent iurely reactive if it immediately responds to stimuli from gvironmentSuchagents
are also called behaviour-basear situatedagents;e.g., see [33]. These agents make their
decisionsbasedon a very limited amountof information,and simple situation-actionrules. The
stimuli caneitherconsistof perceivedchangesn the externalworld or receivedcommunications
from other agents. Changsthe externalworld are perceivedby the agentby observationThe
response behaviour of the agent affects its environment. Several architectures haeydeped
for reactive agents, see [1], [1228], [29]. In [33] an extensiveoverview of thesearchitectures
and the motivations behind them can be found.

Viewed from a Software Engineering perspective, modebelgaviourby a functionalrelation
between input and output provides a system that can be described as a (math@metiioal)

F : Input_states — Output_states



of the set of possible input states to theofgiossibleoutput states.Sucha systemis transparent
and predictable. For the same input always the dahaviouris repeatedits behaviourdoesnot
dependon earlier processesfor example,no information on previousexperiencess storedin
memory so that it cabe remembere@nd affect behaviour.Well-known traditional programming
methods are based on this paradifipn;example programspecificationand refinementbasedon
preconditions and postconditions as developed in, e.g., [18].

4.1 Process Composition

For the design and implementation of th#erent modelsthe compositionaldevelopmentmethod
for multi-agentsystemsDESIRE hasbeenused;see[5] for more details.A genericagentmodel
for purely reactivebehaviourdevelopedearlierwithin the DESIRE environment(and appliedin
chemical process control) wasused.The (rathersimple) agentsystemin this model consistsof
two componentspne for the agent(of type A) and one for the externalworld with which it
interacts (see Figure 2).

top level

observation results

Figure 2 A generic agent model for purely reactive behaviour

In the current domain, the observation information that plays a role describes thabbgattsn
(cup1, cup2, food, screen, self) areat certainpositions (i.e., po, p1, p2). This is modelledby two
SortsoBJECT andposITION and a relatiomt position betweenthesetwo sorts. Moreover,two types
of actions can be distinguished:eat and goto Ssome position. The latter type of actions is
parameterized by positions; this can be modelled by a fungtiffom PosiTION to AcTION. E.g.,
goto(p1) iS the action to go to positign. The actioreat thatis specifiedassumeshatif the animal
is at the positionof the food, it canhavethe food: if acupis coveringthe food, as part of the
actioneat the animal can throw the cup aside to get the food. Variables over @.gareosITION,
are denoted by a string, e.g,, followed by : PosITION, i.e., P: POSITION is a variableover the
sortPosITION. The unary relatiom_be_performed is usedto expresshe informationthat the agent
has decided tperform an action; for exampleto_be_perfomed(goto(p1)) €Xpresseshat the agenthas
decided to gdo positionp1i. The relationobservation_result is usedto expresghe informationthat
certaininformationhasbeenacquiredby observation; e.g., observation_result(at_position(food, p1),
pos) expresses that the agdmnatsobservedhatthereis food at positionp1, whereaghe statement
observation_result(at_position(food, p1), neg) expresses that the agent has observedhbetis no food
at positionpi.



4.2 Knowledge composition

In this section,first the informationtypesto specifythe knowledgeare defined,and next, using
these information types the domain knowledge is specified to obtain the required functionality.

4.2.1 Information types

Information types provide the ontology with which knowledgeusedin the processesan be
expressed. Information types provite ontology (or lexicon, or vocabulary)for the languages
usedin one (or more) componentsknowledgebasesandinformationlinks. In information type
specifications the following concepts are usedk, objects, relations, functions, and meta-descriptions.
Furthermore, information types can be composed from other information types.

]

object {:} meta-description

0
/7 non
O

relation

information type

Figure 3 Information types: Legend

Eachconceptis representedraphically,seeFigure 3. The icon for informationtypesis usedas
depictedin Figure 4 containingonly the nameof an information type, but also as depictedin
Figure 5 containing the sorts, object, functions, relations, and meta-descriptions used in the de
of that information type.

All information types are (either directly or indirectly) composedof (1) genericinformation
typesand (2) domain specific information types. Genericinformation types are fully specified
within the genericmodel. Domain specificinformationtypesare defined by referencesthey are
instantiatedor a specificdomainof application.For example,the information type action info is
composed of the generic information tyagns to be performed and the domain specific information
type domain actions.

The genericinformationtype actions to be performed enableshe agentto reasonaboutactions;see
Figure 4.

actions to be performed

C to be performed >

| ACTION |

Figure 4 Generic information typeactions to be performed

The specific actions for given domainof applicationare not specifiedwithin the genericmodel,
but as part of the domain knowledge structures (see Figure 5).
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domain actions

ACTION |

A

| POSITION |

Figure 5 The information typalomain actions

In a similar manner the information type observation result info IS composedof the generic
information typesobservation results andtruth indication, and the domain specific information type
domain meta-info. The genericinformationtype observation results (SeeFigure 6) enableshe agentto
expressstatementson observationresults. In the applicationsthe observationsare assumed
passive: without taking any initiative, the agent automatically recethiebservatiorresultsfrom
the externalworld. The genericinformationtypetruth indication, which definesthe two signs pos
andneg in SOrtsIGN, is also used in the information tygervation results.

/ observation results \

observation result

| INFO ELEMENT |

N

Figure6 Generic information typ@bservation results

By theseinformationtypesit is possibleto makestatementsboutthe processof observationof
the state of the world in contrast to statements about the waddodssiblefor the statementmy
observation result is that food is present attpebe true,while in the world state‘food is presentat p2' is
false. For examplea sensorcould give the wrong information. Similarly, it could also be the
other way around:the statementfood is presentat p2 can be true in the world state,while the
statement my observationresult is that food is presentat p2 is false, simply becauseit was not
observable, or at least | dibt observeit. Note alsothat ‘| did not observethat food is presentat p2
means something different fromobserved that néood is presentat p2'. A statemenbf the form ‘my
observationresultis that food is presentat p2 cannotbe expressedising the information type that
describeghe world. For example the statementfood is presentat p2' is not adequateTherefore,
another structure is necessary to express statementssidtententsStatementsboutstatements
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are called meta-level  statementsThe statementsthat form the subjectsof such meta-level
statements are calletyect level statements.

4.2.2 Domain knowledge

Assumingthat food is offered at at most one position (for example,position p2), the stimulus-
response behaviour of agent model A expresses thatafjir@observeshat thereis food at any
position and that no screen at posiforseparates the agent from this position, thgoesto this
position. This knowledge has been modelled in the following form:

if observation_result(at_position(food, P:POSITION), pos)
and observation_result(at_position(screen, p0), neg)
and observation_result(at_position(self, P:POSITION), neg)
then to_be_performed(goto(P:POSITION))

if observation_result(at_position(self, P:POSITION), pos)
and observation_result(at_position(food, P:POSITION), pos)
then to_be_performed(eat)

4.3 The Behaviour of the Purely Reactive Agent

The requirement imposed on agent A was that it shberssamebehaviourfor Situationsl and3
in the problem description: do nothing. Moreover, in Situafidhe agentis requiredto go to the
position of the food. The agent of type A indeed shows behaviour as expressedby the
requirements. For a more detailed account of the behaviour, see Appendix A.

( Agent task control )

'World info to opc
—— agent info to opc

Own
Process
Control

own process info to wim

own
own process
process |info to
infoto | M&
mwi

OWN process inio to aim info to be communicated

commurficated|

AgenT - agent Maintenance
communicated Interaction inf of Agent
info — Management [ Information
—
agent info to aim communicated world info
—__world mio to aim
observations and actions || |
bbserved
—] agent —
info )
World Maintenance
Interaction of World ——
:I Management | | Information
b = observed
i —
world info to wim world info
agent info to wim . [
observed | | communicated
info to ast| | info to ast Agent
Specific
Task
action and observation info from ast \ J
CommUunication o 1rom ast
. J

Figure 7 A generic agent model for deliberate reactive, pro-active and social behaviour
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5 Agent Modelsfor Delayed Response and Pro-active Behaviour

As opposed to behaviour defined by a purely functidegendencypetweeninput and output, as
modelledin Section4, an agent’s behaviouroften takes previous processesn which it was
involved into account.For example,in delayedresponsebehaviour,previousobservationgnay
have led to internal storage of information imamory so that the same input pattern of stimuli can
lead to different behaviour a netithe it is encounteredthe agentmay be ableto deliberateabout
it. Again viewed from a Software Engineering perspective, this makes that agents dstrictiyit
in the paradignbasedon a functionalrelation:to keepthe functionalrelation, not only the actual
input, but also the complete history of input should be taken into account, or the internal
information in memory should be considered to be additional input.

To design an agemhodelthatwill show delayedresponséehaviour the internal structureof
the agentis mademore complex.Within the agenta componentmaintenance of world information tO
maintainthe observatiorresultsas beliefs (a memory)is distinguishedfrom a componentworld
interaction management that manages the interaction with the world. Moreover, the agegecanate
its own goals in order to show pro-active behaviour, if a compoerepiocess control is added.If
the agenthasto show socialbehaviour,componentare addedto managecommunication(agent
interaction management) andto maintainbeliefs on otheragents(maintenance of agent information). The
GenericAgent Model GAM depictedin Figure 7 (seealso [8]) is composedof all of these
components.

5.1 An Agent Model with Delayed Response Behaviour

For an agentwith delayed response behaviour (type B), the componentmaintenance of world
information IS used, in addition to the componentworld interaction management. The only task
performedby the componenimaintenance of world information iS storageof observationinformation.
No further knowledge is used within this component.

/ new info on world \

new world info

|WORLD INFO ELEMENTl | SIGN |

N\ /

beliefs

INFO ELEMENT |

Figure 8 The information typesew world info andbelief info
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The part of the knowledgeof the componentworid interaction management that determinesthe
actions is a variant of the knowledge used in agent model A. An addpiartaetermineshat the
world information that was acquiredby observationhas to be maintained, expresseddy the
relationnew_world_info.

if observation_result(l:INFO_ELEMENT, S:SIGN)
then new_world_info(l:INFO_ELEMENT, S:SIGN)

if belief(at_position(food, P:POSITION), pos)
and belief(at_position(screen, p0), neg)
and belief(at_position(self, P:POSITION), neg)
then to_be_performed(goto(P:POSITION))

if belief(at_position(food, P:POSITION), pos)
and belief(at_position(self, P:POSITION), pos)
then to_be_performed(eat)

An essentialdifferencewith the knowledgein agentmodel A is thatin the knowledgeabovethe
relationobservation result iS replacedby the relation belief. Not only can information from direct
observatiorbe used,but alsoinformation retrievedfrom memory:all input information getsthe
status of belief, in contrast to observation. The behaviour of this agent madehparisorto the
behaviours of the other models is discussed in Section 8.

/ agent characteristics \ agent states \
_own characteristic__ C own state >

\ | CHARACTERISTICl / \ | STATE ASPECT | /

Figure 9 Composition and generic information types for agent properties

5.2 An Agent Model with Pro-active Behaviour

The third agentmodelto be discusseds a model for a pro-active agent (type C). A pro-active
agentdoesnot simply respondto stimuli, neitherimmediately,nor delayed.In addition to the
observation information, its so-callewbtivational attitudes play animportantrole (e.g., see[42])
in determining its actions. These motivatioatiitudescan be basedon the agent’sown character
(for example, an agent’s character may be that it always wants to eat,ibrstatally apathetic),
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but alsoon specificaspectof the agent’'sown state,suchasbeinghungry, or beingdepressed.
To determinethe motivational attitudesof the agent,the componentown process control iS used;
additional knowledge structures are introduced for this new component.

In additionto the existinginformationtypesof agentmodel B, informationtypesarerequired
for knowledgeon own processcontrol; theseinformation types expressinformation on (see
Figure 9):

» the agent’s beliefs

* aspectof the agent'sown state,suchas being hungry, or being depressed, and specific

characteristics of the agent, suclhui@sys eager to eat, OF totally apathetic

» the agent’s goals, such &sfed, just hang around, find food, OF get food inside.

Information on the agent'sown gate can be expressedising the unary relation own_state; for
example,the statemenbwn_state(hungry) expresseghat the agentis hungry. The agent’'s own
characterigtics can be expressedusing the unary relation own_characteristic; €.g., the statement
own_characteristic(totally_apathetic) expresseshe informationthat the agentis totally apathetic.The
goal thathasbeenselectedby the agentis expressedising the unary relation selected_goal. The
knowledge to be used in the compon@#itprocess control models (see Figure 10):

* an agent that is always eager to eat, always selects the geal

* any not apathetic agent that is hungry or depressed selects thefgoal

* atotally apathetic agent never selects a goal

» an agent which has fed as a goal, selects the gealiood inside if it has a belief that food is

present at a specific position; in the other case it selects thexgoad

domain goals

WORLD INFO ELEMENT
/ selected goals \
C selected goal >
[}
2
o 72}
=3 £
| |3
2 2
- B
o
|WORLD INFO ELEMENT I

Figure 10 Generic and domain-specific information types for the agent’s goals

The knowledge used bwn process control knowledge can formulated in a concise form as follows:

if own_characteristic(always_eager_to_eat)
then selected_goal(be_fed)
if own_state(hungry)

and not own_characteristic(totally_apathetic)
then selected_goal(be_fed)
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if own_state(depressed)

and not own_characteristic(totally_apathetic)
then selected_goal(be_fed)
if selected_goal(be_fed)

and belief(at_position(food, P:POSITION), pos)
then selected_goal(get_food_inside)
if selected_goal(be_fed)

and not belief(at_position(food, pl), pos)
and not belief(at_position(food, p2), pos)
then selected_goal(find_food)

Dependingon the type of agentmodelled,somefacts canbe addedto this knowledgebase,for
example in the agent of type C:

own_characteristic(always_eager_to_eat)

(alternatively, for examplewn_state(hungry), not own_characteristic(totally_apathetic) could be
specified,or own_characteristic(totally_apathetic)).

Dependingon the agentcharacteristicspecified,the agentdeterminesne or more goals. To
actually show certain pro-actilehaviour,also suitableknowledgehasto be specifiedon which
actionsareto be performedfor a given goal. Moreover,not only actionscan be performedin a
pro-active manner, but also observationganticular,if the animalvisits a positionfor which it
is not known yet whether thesefeod, it candecideto explorethe position, e.g., by putting the
cup a bit asideand/or activatingits smell sensor(sniffing). To model active observationsthe
information type observation info iS used, defining the relation to_be observed 0N sort
WORLD_INFO_ELEMENT. For example, the atom

to_be_observed(at_position(food, p1))

means that the agent has decided to observe whettkis presentat positionp1. Knowledgeto
initiate actionsand observationds modelledin the componentworld interaction management. TO
determine actions related to the ggtood inside, two possible cases are considered:
» theagentbelievesthatfood is presentat its own position; in this caseit simply can start
eating
» the agentbelievesthat no food is presentat its own position, but it believesthat food is
present at another position; in tltigsethe agentcango to sucha position (andif it arrives
there it can start eating, according to the previous item)
This knowledge is expressed in a concise form as follows:

if selected_goal(get_food_inside)
and belief(at_position(food, P:POSITION), pos)
and belief(at_position(self, P:POSITION), pos)
then to_be_performed(eat)
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if selected_goal(get_food_inside)
and belief(at_position(self, P1:POSITION), pos)
and belief(at_position(food, P1:POSITION), neg)
and belief(at_position(food, P2:POSITION), pos)
and belief(at_position(screen, p0), neg)

then to_be_performed(goto(P2:POSITION))

The goal get food inside assumeshat the agentalreadyknows at leastone positionwhere food is
presentlf this is not the case,the goalfind food may be selectedby the agent. To determinethe
actions or observations for the geal food, the following cases are considered:

» the agent does not know whether food is present awitsposition; thenthe observatiorto
explore the own position is initiated (which determines whether food is presentgetités
own position)

» the agent believes that no food is preseiits own position,andit doesnot know whether
food is presentat positionsp1 andp2; in this casethe action go to p1 is selected(and if it
arrives there it can start exploring it, according to the previous item)

» the agenbelievesthat no food is presentat its own positionandat positionpz; it doesnot
know whether food is presentmat in this case the agetidto p2 is selectedandif it arrives
there it can start exploring the position, according to the first item)

This knowledge is expressed in a concise form as follows:

if selected_goal(find_food)
and belief(at_position(self, P:POSITION), pos)
and not belief(at_position(food, P:POSITION), pos)
and not belief(at_position(food, P:POSITION), neg)
then to_be_observed(at_position(food, P:POSITION))

if selected_goal(find_food)
and belief(at_position(self, P:POSITION), pos)
and belief(at_position(food, P:POSITION), neg)
and not belief(at_position(food, pl), neg)
and not belief(at_position(food, pl), pos)
and not belief(at_position(food, p2), neg)
and not belief(at_position(food, p2), pos)
then to_be_performed(goto(p1))

if selected_goal(find_food)
and belief(at_position(self, P:POSITION), pos)
and belief(at_position(food, P:POSITION), neg)
and belief(at_position(food, pl), neg)
and not belief(at_position(food, p2), neg)
and not belief(at_position(food, p2), pos)
then to_be_performed(goto(p2))

For more details of the behaviour of the agent types B and C, see Appendices B and C.

6 An Agent Model with Social Behaviour

To obtain social behaviour (an agentmodel of type D), also the componentsagent interaction
management aNdmaintenance of agent information are used in the model.
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A social agent is able to receive incoming communication and to generate outgoing
communication. The generic information types for communication are depicted in Figure 11.

incoming communication

communicated by

| INFO ELEMENT | | SIGN | | AGENT

N

outgoing communication

0 be communicated to

| INFO ELEMENT | | SIGN | | AGENT

N

Figure 11 Generic information types on communication

By these informatiortypesit is possibleto makestatementsboutthe processof communication
(in contrast to, for example, statements about the world)ptissiblefor the statement| wastold
that the pressure is higto be true, while in the worldtate the pressure is highs false: the otheagent
may simply not tell the truth. It could also be the otherway around:the statement the pressureis
high' could be true in the world state, while the statem&miiébody told me thahe pressurds high’ IS
false, simply because nobody told me. Note also fibalid nottell me that the pressures high' does
not mean the same a® ‘told me that the pressure is not highimilar to statementaboutobservation,
statements about communication are meta-level statements.

The information communicated to the agent maysedto extendor updatean agent’sbeliefs
both on the world or on other agents. The informatemeivedis analysed selectedand prepared
to be stored as information either on the world or on other agents; the nelatethtiontypesare
depicted in Figure 12.
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/ new info on agents \

new agent info

|AGENT INFO ELEMENTl | SIGN |

Figure 12 Generic information typesnaintenance on agents

In the componentagent interaction management knowledge is specified that identifies new
communicated knowledge about other agents:

if communicated_by(I_want_food, pos, A:AGENT)
then new_agent_info(wants_food(A:AGENT))

Here, the statementcommunicated_by(I_want_food, pos, A:AGENT) expresseghat the information
I_want_food has been communicated (positively) by the agemt:AGENT. This new agent information
(expressedusing the relation new_agent _info) is stored in the componentmaintenance of agent
information: the knowledgeusedin maintenance of agent information Specifiesthe hierarchybetween
different animals, and whether another animal that is present wants the food. For exampée, if
an animalwhich is presentandis higher in the hierarchy, then this can be specifiedwithin the
knowledge base used aintenance of agent information Of the agentself ashigher_than(ani, self). It is
alsopossibleto modelthis informationin a dynamicform, asan outcomeof earlier experiences
(fights). If the other animal wants the foagithin the componeninaintenance of world information Of
the agentelf it is derived that the food is protected, using the knowledge

if wants_food(A:AGENT)
and higher_than(A:AGENT, self)
then food_protected

Within the knowledge elements used in the compomgiatinteraction management an additional
conditionnot belief(food_protected, pos) IS specified. For more details of the behaviour of agent type
D, see Appendix D.

7 An Agent M odel with Adaptive Behaviour

The agent models presented in the previous sections showed different types of behatvioey,
are not able to adapt their behaviour. In g@stionan agentmodelfor adaptiveanimal behaviour
is presentedTo be ableto learnfrom experiencedt is importantthatfor a given situation more
thanoneoption for an actionis generatedBy makingdecisionsaboutthe actionthat is selected
from the options the animal can experimentwith its behaviour,and, after evaluation,adaptits

decision making process.
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7.1 Process composition of the adaptive agent model

To beableto addressand evaluatethe action selectionprocessexplicitly, in this agentmodelthe
following more specialised processes are distinguished:

agent

own process agent interaction world interaction maintenance of maintenance of
control management management agent information world information
own goal observation action
adaptation generation management management
action action
generation selection

Figure 13 Processes and their abstraction levels for the adaptive agent model

- action generation
This procesgyenerates numberof alternativebehaviourdor a given (observedor believed)
situation.

- action sdlection
This processselectsone option from the set of alternative behaviours, using selection
knowledge based on earlier experiences.

- own adaptation
This processevaluateghe selectedactionuponits successfulnessnd adaptsthe knowledge
usedto makea selection.In particular,if the action was successfulin the future it will be
chosenmore often (undercomparablecircumstances)andthe other optionslessoften. If the
action was not successful, it will be chosen less often.

The first two of these processes are modelled as a specialisatiarld interactionmanagement,
whereas the latter process is modelled as a subprocess pfavasscontrol. The processesnd
their four abstraction levels are shown in Figure 13.

The processcompositionrelations are straightforward. The relevanceordering relations are
transferredrom the componenbwn adaptation via the input interfaceof own process control t0 world
interaction management and within this component tation selection. Moreover,the actionsgenerated
by action generation are transferred taxtion selection as well.

7.2 Knowledge composition of the adaptive agent model

In this sectionthe information types and knowledge basesfor the adaptive agentmodel are
discussed.
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7.2.1 Information types

For the adaptiveagent,information types are requiredto specify which optionsfor actionsare
generated in a given situation, how ttecisionis madeto choosebetweenthe options,and how
this choiceis influencedby experiencesThe optionsfor actionsto achievea given goal are
expressed by the generic information tyg®en alternatives; see Figure 14.

/ action alternatives \

possible action for goal

| ACTION | | WORLD INFO ELEMENT |

Figure 14 The information typection alternatives

The selectionprocesdirst determinesvhich actionsareto be ignored;the remainingactionsare
considered appropriate: the generic information tgf selection info; see Figure 15.

/ action selection info

appropriate action ignored action for goal

ACTION | | WORLD INFO ELEMENT

AN

Figure 15 The information typection selection info

Within this selectionprocessthe domain specific information typesfood relevance info and action
relevance areused;seeFigure16. The agent’'sexperiencesre formalisedby a (dynamic)linear
ordering ofthe colours:the highera colour in this ordering,the more successfukxperienceshe
agent has in finding food at positions of that colour. This linear ordering is represented by

has_higher_food_relevance(C1:COLOUR, C2:COLOUR)
which means thatolour ci:coLour is higherthancolour c2:coLour in the linear ordering.The

linear ordering is maintained and updated in the compeneatiaptation Within own process control.
It is only used in the componeition selection.
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/ food relevance \

as higher food relevanc®

| COLOUR | | COLOUR |

N\ /

action relevance

has higher relevance
for goal

| ACTION | | ACTION | | WORLD INFO ELEMENT

N

Figure 16 The information typesod relevance andaction relevance

The update of the relevance information makes use of the generic inforigaBognforcement info
(seeFigure 17), andthe domainspecificinformationtype food precedence info (SeeFigure 18) are

used. Thdood precedenceelationexpresseshe immediateneighboursn the linear orderingon
food relevance.

reinforcement info

to be reinforced
association

[ worw Fo ELEmENT | [ worLo Fo ELEMENT | | SIGN

N

Figure 17 The information typeeinforcement info
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food precedence info

food precedence new food precedence Qas higher food relevancg

COLOUR [ | COLOUR
least food experience best food experience

COLOUR

Figure 18 The information typeéood precedence info

Besidesthe informationtypesintroducedabove,the domaininformationis extendedby the sort
COLOUR andthe relationis_colour_at_position betweencoLour andPosITION. For more interesting
experiments, also the number of positions was extended.

7.2.2 Knowledge

Knowledge used within observation management

The knowledge used withbbservation management is simple. For the goahd food, if it is unknown
whetherfood is presentat the own position, the observationto explore this positionis always
selected:

if selected_goal(find_food)
and belief(at_position(self, P1:POSITION), pos)
and not belief(at_position(food, P1:POSITION), neg)
and not belief(at_position(food, P1:POSITION), pos)
then to_be_observed(at_position(food, P1:POSITION))

Knowledge used within action generation

The knowledge used withigtion generation is kept simple. For the gofld food

() if it is known that there is no food at the own position, all actibatsare generatedare those
of the form goto(P:POSITION) for the positionsp:posiTION for which the agenthasno belief on
whether there is food present, and

(2) ifitis known that food is present at the own position, the aeitas generated.

if selected_goal(find_food)
and belief(at_position(self, P1:POSITION), pos)
and belief(at_position(food, P1:POSITION), neg)
and not belief(at_position(food, P2:POSITION), neg)
and not belief(at_position(food, P2:POSITION), pos)
then possible_action_for_goal(goto(P2:POSITION), find_food)
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if selected_goal(get_food_inside)

and belief(at_position(self, P:POSITION), pos)

and belief(at_position(food, P:POSITION), pos)
then possible_action_for_goal(eat, get_food_inside)

Knowledge used within action selection
For the actiorat, the generated action is always selected:

if selected_goal(find_food)

and possible_action_for_goal(explore_position, find_food)
then appropriate_action(explore_position)
if selected_goal(get_food_inside)

and possible_action_for_goal(eat, get_food_inside)
then appropriate_action(eat)

For the other casethe knowledgeusedwithin action selectionis basedon what the agenthas
experiencedFrom the colour relevancyorderingrelations,within action selection actionrelevance
ordering relations (relative for a given goal) are derived:

if belief(is_colour_at_position(C1:COLOUR, P1:POSITION), pos)
and belief(is_colour_at_position(C2:COLOUR, P2:POSITION), pos)
and has_higher_food_relevance(C1:COLOUR, C2:COLOUR)
then has_higher_relevance_for_goal(goto(P1:POSITION), goto(P2:POSITION), find_food))

Using this total ordering of relevancyof actionsthe decisionis madeto ignore all actionsfor
which at least two more relevant actions exist:

if possible_action_for_goal(A1:ACTION, G:WORLD_INFO_ELEMENT)
and possible_action_for_goal(A2:ACTION, G:WORLD_INFO_ELEMENT)
and possible_action_for_goal(A3:ACTION, G:WORLD_INFO_ELEMENT)
and has_higher_relevance_for_goal(A1:ACTION, A2:ACTION, G:WORLD_INFO_ELEMENT))
and has_higher_relevance_for_goal(A2:ACTION, A3:ACTION, G:WORLD_INFO_ELEMENT))
then ignored_action_for_goal(A3:ACTION, G:WORLD_INFO_ELEMENT)

Finally, all actionsrelevantfor the selectedgoal, which were not ignored, are derived as
appropriate:

if selected_goal(G:WORLD_INFO_ELEMENT)
and possible_action_for_goal(A:ACTION, G:WORLD_INFO_ELEMENT)
and not ignored_action_for_goal(A:ACTION, G:WORLD_INFO_ELEMENT)
then appropriate_action(A:ACTION)

From these appropriate actions only one is derived, at random.

The action selection approach discussed here isfegpossibleapproach Another,more simple
approachwould be to just take the highestactionin the relevanceordering. However,this more
simple decision model allows the agentless spacefor experimentation,and implies slower
adaptationin certaincircumstancesAlso numericalapproachesre possible;for an example,see
Section 7.3 below.
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Knowledge used within own adaptation

Within the componentown adaptationthe linear order of relevancy of colours for food is
maintained and updated, on the badiexperienceskFirst experiencesre evaluatedif therewas
food found at a position with a certainlour, a positive reinforcementhasto be implementedor
this colour, otherwise a negative reinforcement:

if observation_result(at_position(food, P:POSITION), S:SIGN)
and belief(is_colour_at_position(C:COLOUR, P:POSITION), pos)
then to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), S:SIGN)

The positive reinforcement is modellbg moving the colour upwards in the linear orderingone
place,aslong asit is not the highestcolour. If it alreadywas the highestcolour, then nothing
changes. If it was second highest, then it becomes the highest. The relation
food_precedence(C1:COLOUR, C2:COLOUR) represents the immediate succession in the linear ordering.

if to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), pos)
and  food_precedence(C0:COLOUR, C1:COLOUR)
and  food_precedence(C1:COLOUR, C:COLOUR)
and food_precedence(C:COLOUR, C2:COLOUR)
then new_food_precedence(CO:COLOUR, C:COLOUR)
and new_food_precedence(C:COLOUR, C1:COLOUR)
and new_food_precedence(C1:COLOUR, C2:COLOUR)

if to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), pos)
and best_food_experience(C0:COLOUR)
and  food_precedence(C0:COLOUR, C:COLOUR)
and  food_precedence(C:COLOUR, C1:COLOUR)
then new_best_food_experience(C:COLOUR)
and new_food_precedence(C:COLOUR, C0:COLOUR)
and new_food_precedence(C0:COLOUR, C1:COLOUR)

If the colour was the lowest, the second lowest becomes the lowest:

if to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), pos)
and least_food_experience(C:COLOUR)
and food_precedence(C2:COLOUR, C:COLOUR)
and food_precedence(C1:COLOUR, C2:COLOUR)
then new_least_food_experience(C2:COLOUR)
and new_food_precedence(C:COLOUR, C2:COLOUR)
and new_food_precedence(C1:COLOUR, C:COLOUR)

For negative reinforcement,the opposite of the above takes place. The colour is moved
downwardsin the linear ordering, as long as it is not the lowest colour. If it alreadywas the
lowest colour, thennothing changeslf it was secondowest, thenit becomeshe lowest. If the
colour was the highest, the second highest becomes the highest:

If the colour was the lowest, the second lowest becomes the lowest:
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and
and
then
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and
and
and
then
and
and

and
and
and
then
and
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to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), neg)

best_food_experience(C:COLOUR)

food_precedence(C:COLOUR, C1:COLOUR)

food_precedence(C1:COLOUR, C2:COLOUR)

new_least_food_experience(C1:COLOUR)

new_food_precedence(C1:COLOUR, C:COLOUR)

new_food_precedence(C:COLOUR, C2:COLOUR)

to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), neg)

food_precedence(C1:COLOUR, C2:COLOUR)

food_precedence(C:COLOUR, C1:COLOUR)

food_precedence(C0:COLOUR, C:COLOUR)

new_food_precedence(C:COLOUR, C2:COLOUR)

new_food_precedence(C1:COLOUR, C:COLOUR)

new_food_precedence(C0O:COLOUR, C1:COLOUR)

to_be_reinforced_association(is_colour_at_position(C:COLOUR, P:POSITION),
at_position(food, P:POSITION), neg)

least_food_experience(C1:COLOUR)

food_precedence(C:COLOUR, C1:COLOUR)

food_precedence(C0:COLOUR, C:COLOUR)

new_least _food_experience(C:COLOUR)

new_food_precedence(C1:COLOUR, C:COLOUR)

new_food_precedence(C0:COLOUR, C1:COLOUR)

After updatingthe precedenceelationsby the new ones,by taking the transitive closurea total
ordering is derived:

if
then
if

and
then

food_precedence(C1:COLOUR, C2:COLOUR)
has_higher_food_relevance(C1:COLOUR, C2:COLOUR)

food_precedence(C1:COLOUR, C2:COLOUR)
has_higher_food_relevance(C2:COLOUR, C3:COLOUR)
has_higher_food_relevance(C1:COLOUR, C3:COLOUR)

For more details of the behaviour of agent type E, see Appendix E.

7.3 An alternative numerical approach based on weight values

An alternative approach theanbe built in the sameagentmodel makesuseof numericalweight
valuesw.(a) for actions undegiven environmentakircumstances. As a specialcase,the weight
values can be normalised to overall sum

X, we(b) =1

Within the componentction selection the selectioncanbe madeby makinga randomchoicebased
on the probability distribution

we(@) / X, we(b)
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over the actions (in the case the overall sumiighe denominator can be left out).

Within the componenbwn adaptation, the updatefor a successfulexperiencefor actiona can be
done by (here is a factor betweemandzi, for example.9):

1- we(a) A (1- we(@))
web) = A wg(b) for bza

The update for an unsuccessful experience for agtvam be done by, for example:

A we(a)
A (1 - we(b)) for bza

W'e(a)
1- we(b)

These formulae guarantee thétthe sumis 1 (in this, mostsimple, casethe weightsthemselves
can be used as a probability distribution) it will remiadfiter updatest-or example,when A =0.9
and

WE(al) =03
We(a;) = 0.3
We(a) = 0.4

then after a successful experiencespthe update results in:

we(a,) = 0.37
we(a,) =0.27
we(a;) =0.36

8 Overview of the Behaviour of the Different Agent Models

In this section the different types of behaviour of the agent models are presented and comparet

8.1 Global differences in behaviour

The following table the global differences in behaviour of the agent models are summarised.
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agent A agent B agent C agent D agent E
situation 1 do nothing do nothing look for food | look for food | look for food
(no food) at random at positions at places with
without relevant
higher colours
competitors

situation 2 go to food go to food go to food go to food go to food

(visible food) at positions at positions
without with relevant
higher colours
competitors

situation 3 do nothing go to food go to food go to food go to food

(visible food at positions at positions

made invisible) without with relevant
higher colours
competitors

situation 4 do nothing do nothing look for food | look for food | look for food

(invisible food) at random at positions at places with
without relevant
higher colours;
competitors learn from

experience

The different variants of behaviour depicted in this table indaédfy the requirementexpressed
in Section 2.

8.2 More specific traces

In the AppendicesA to E for eachof the agentmodelsa more detailed trace is shown. The
information shown follows the graphical interface that has been made for demonstration purpos

First, in AppendixA a behaviourtraceof agentmodel A is presentedor Situation 3. In this
trace the rows represent states (states of the world and mental states of the anialbbtegrsih
the processare depictedas transitionsfrom one of the rows to the next row; for example:
observation(from row 0 to 1), an eventin the world (appearancef the cup, from 1 to 2),
observationmaking the mentalmodelof the world stateup to date by removingthe food and
addingthe cup, from 2 to 3), aneventin the world (disappearancef the screen,from 3 to 4),
observation (taking out the screen of the mental model, frtorb4t It is shownthat at eachtime
point, the animabnly hasanimageof the currentworld situation,not of the past. Thereforethe
animal is not successful in reaching the food.

Next, in AppendixB behaviourof agentmodelB is shownfor the sameSituation3. Also in
this trace all steps in the process are depiatacansitionsfrom one of the rows to the nextrow;
for example: observation (from row 0 to 1), an eviarthe world (appearancef the cup, from 1
to 2), observation (this time the food remains in the mental naodihe cup is added,from 2 to
3), actionin the world (disappearancef the screen,from 3 to 4), observation(from 4 to 5),
generating an action (the action gepfrom 5 to 6), execution of the generasadion (from 6 to
7). In this case the animal maintains beliefs about the world, and therefdnagstile information
aboutthe position of the food, after the food was covered.It is shown that this animal is
successful in reaching the food.
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In Appendix C the behaviour of agent model C is showrsfaration4. For shortnessin this
trace a more condensed presentatiarsed.As in the previoustraceschangesf the world state
are representedby a transition from one row to the next row. However, the observations
following changes of the world state atepictedin the samerow asthe new world stateoccurs,
and alsothe mentalstepsfollowing the observationsare depictedin this samerow. It is shown
how not only beliefs but also goals play a role in the determination of actions.

Appendix D describes behaviour of agent model x #hownthat the agentis not goingto a
position as long as a higher competitor is presieene, but as soonasthis otheranimalleaves,it
is visiting that position. Note that the short phrase‘higher competitorat p2’ actually refersto a
combination of two types of information: (1) another animal is at positip(R) this otheranimal
is higherthanme. The first type of informationis aboutthe world, whereasthe secondtype of
information is about other agents.

Appendix E shows adaptivebehaviourbasedon reinforcementin Situation4. In the initial
relevance ordering of colours red-green-blue, red is the highest, then grebluedadhe lowest
in relevance. If nothings known aboutfood at the positionsp1, p2 andp3, thengoing to any of
thesepositionsis an option. The relevanceorderingof actionsis just copied from the relevance
ordering of colours. From the highest two, one is selected at rapdpwmith a red colour. From
exploring this position a negative experienceresults. This leadsto adaptationof the colour
relevance ordering: red is pushak positiondown, and greenpopsup to the first position.On
the basisof this new orderinga decisionis madeaboutthe next position to visit. Only the two
candidates1, p2 remain because it is knowhat at p3 no food is available.Positionp1 is chosen
(at random):with the greencolour. Also herea negativeexperienceresults. This againleadsto
adaptationof the relevanceordering of colours: blue and greenare interchangedAt last p2 is
visited (with colour blue), which leadsto a positive experienceBasedon this experiencethe
relevance ordering of colours is adapted: red and blue are interchahgeid.point the relevance
ordering is blue-red-green. On the basis of this a next session is started.

9 Discussion

In this discussiorfirst the relationto literature from Biology is discussedSection9.1), next a
comparisons madeto anothemmulti-agentmodelling method(Section9.2), and finally (Section
9.3) a number of extensions are discussed.

9.1 Motivation and relation to literature from Biology

The biological literature on animal behaviour more arae involves simulationexperimentsasa
source of knowledge and verification; e.g., see [3], [17], [23], [30], [36]. As an example, in [17
[30], [36] a commitment to game theory is made to obtain content of the models. An example of
approach based on an individual ageettspectivas [23]. Often specific mathematicatechniques

are adoptedand directly implementedin a programminglanguage.In accordancewith this the
choicethe animals’behavioursare kept simple. This may be useful for the by itself interesting
study of social patterns emerging from simple indivicagthaviours But, sinceanimalsmay also

be able to show more complex patterns of behaviour, ocwrplexmodellingtechniquesnay be
requiredaswell. Modelling more complexagentbehavioursis less adequateusing the usually
adopted mathematical techniques. The literature acandllAgent Technologyoffers more specific
methods to desigandimplement(also more complex)intelligent agentsand agentsocietieson a
conceptualevel. Oneof thesemethodsis the compositionalmulti-agentsystemdesignmethod
DESIRE (cf. [5]). In this paperit is shown how (dependingon the complexity of the required
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behaviour) different types of animal behaviour can be modelled and simulatedrateptualevel

on the basis of DESIRE. Different (variants of) reusable compositional exgpeleiswere usedto

modelthe different requiredbehavioursit turnedout that the modification of one model into a

more complex model took much less effort than would have been the cadiesict programming
approachThe advantagef this approachis that the modelsare designedat a high conceptual
level, in termsof the processesinformationand knowledgethatis needed and abstractingirom

implementation details. Nevertheless they bamxecutedby the DESIRE softwareenvironment.
Due to the compositionalnatureof DESIRE it is easyto plug in componentsthat incorporate
mathematical techniques such as game-theoretic mettmugctionismethodsor otheradaptive
algorithms. In this sense this compositional approach can be uaa@&ensionto eachof these
approaches. Besides the simulation of animal behaviour discusthésipaper,a variety of other
applicationshave beendevelopedusing DESIRE. Somerecentmulti-agentapplicationscan be

foundin [4] (negotiationbetweenagents)[7] (simulationof a society of agents),[11] (project
coordination), [10] (distributed work flow arajendascheduling) and[27] (agentsin brokering
processes).

Simulationof animalbehaviouris an interestingtype of applicationfor multi-agentsystems.
Both areas can benefit from a me@naensivestudy of this type of application.The areaof multi-
agent systems can benefit from the more detailed analyses and distinctions that henexdieésn
different types of animal behaviour(seethe Introduction). The study of animal behaviourcan
benefit from softwaretools for agentmodelling at a conceptuallevel that support simulation.
Moreover, formal techniquesn the areaof verification can be usedto analyseand formalise
behaviour properties of animals and their logical relations, as well as relationships between inte
mentalfunctioning and externallyobservablebehaviours;e.g., [15], [26]. Theseformalisations
can be a basis for the development of a (formalised) theory of animal behaviour.

9.2 Comparison to another multi-agent modelling framework

Another multi-agentmodelling frameworkis ConcurrentMetateM [20]. The comparisonwith
DESIRE focuses othe structureof agents,inter-agenttommunicatiorand meta-levelreasoning;
for more details, see [32].

In DESIRE, the knowledgestructureshat are usedin the knowledgebasesandfor the input
and output interfacesof componentsare definedin termsof information types, in which sort
hierarchies can be defined. Signatures define sets of ground &wlerassignmenof truth values
true, false or unknown to atomsis called an information state.Every primitive componenhasan
internal information state, and atlput and outputinterfaceshaveinformation states.Information
states evolve over time. Atoms are persistent in the sense that an atom in anéemadation state
is assigned to theametruth valueasin the previousinformation state,unlessits truth value has
changed because of updating an information link.

ConcurrentMETATEM doesnot haveinformationtypes,thereis no predefinedset of atoms
andthereare no sorts. The input and outputinterfaceof an objectconsistsonly of the namesof
predicates. Two valued logic is used with a closedld assumptionthus an information stateis
defined bythe setof atomsthataretrue. In a DESIRE specificationof a multi-agentsystem,the
agentsare (usually) subcomponentsf the top-levelcomponenthat representshe whole (multi-
agent) system, together with one or more components that represent the resheirtimmentA
componentthat representsan agentcan be a composedcomponent:an agenttask hierarchy is
mapped into a hierarchyf componentsAll (sub-)componenté&ndinformationlinks) havetheir
own time scale.In a ConcurrentMETATEM model, agentsare modelledas objectsthat haveno
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further structure:all its tasksare modelledwith onesetof rules. Every objecthasits own time-
scale.

The communicatiorbetweenagentsin DESIRE is defined by the information links between
them: communications basedon point-to-pointor broadcasimessaggyassing.Communication
between agents in Concurrent METATEM is done by broaduassageassing.Whenan object
sends a message, it can be received by all other olfjectep of this, both multi-castand point-
to-point message passing can be defined.

In DESIRE, meta-reasonings modelledby using separat&eomponentdgor the object and the
meta-level. For example, one componegm reasonaboutthe reasoningorocessandinformation
state of another component. Two types of interaction between object- and meta-level are
distinguished: upward reflection (from object- to meta-level) and downward reflétrthom meta-
to object-level).The knowledgestructuresusedfor meta-levelreasoningare definedin terms of
information types, standard meta-information type can automatically be generated.

For meta-reasoning i@oncurrentMETATEM, the logic MML hasbeendevelopedin MML,
the domainover which termsrangehas beenextendedto incorporatethe namesof object-level
formulae. Execution of temporal formulae can be controlled by executingthem by a meta-
interpreter. These meta-facilities have not been implemented yet.

9.3 Possible extensions

In the approach presented here it was assumed that observatialvgagsesuccessfulandleadto
valid beliefs of the agent.Also the reasoningmodelwithin the agentis basedon the assumption
thatinformationis perfect.Methodsto treat imperfection of information, however,can also be
included. For example,in [38] it is shown how an architecturefor default reasoning can be
modelled in a compositional manner. This genegasoningmodelis availableand canbe reused
in any agent model. Also a more complex genericiel for nonmonotoniaeasonings available;
cf. [19]. Another availablegenericreasoningmodelis the model for reasoning about dynamic
addition and retraction of assumptions describedn [24]. This modelenableseasoningaboutthe
lack of information, and focusesthe addition of information. Similarly genericreasoningmodels
have been developed for reasoning with statements with a ciagede of belief. Al thesegeneric
reasoning models can be included to scale up a given model to obtain more complex models.

DESIRE facilitates th@rocessof modellingtasks; for example,see[9]. To limit the time and
expertise as many elements as possible are reysei¢ task models). Within DESIRE, generic
task modelsand existing ontologies,are usedfor this purpose.Generictask modelsare usedto
structure the modelling process. On the basandkexpert's)explanationof the tasksinvolved, a
designer selectsne or more generictask modelsand positionsthe task modelsin relationto the
tasks at handThis leadsto discussion®n the different ways to modelthe tasks,resultingin an
initial conceptual model, often based on a generic task model.

Generic task models are genandwo sensesthey may be genericwith respecto the task at
hand,and they are genericwith respectto the domain of application.Often different levels of
genericity with respedb a taskmay be distinguishedA refinementof a generictaskmodelto a
more specific task model is called a specialisation. A refinementof a generictask model to a
specific domainof applicationis called an ingtantiation. Modelling focuseson both aspectsof
genericity,often startingwith a very generictask model in the senseof the task at hand. This
model may be modified or refined Ispecialisatiorand instantiation.Existing specialisation®f a
generic task model may be of use, as may existing generic knowledge structures.If such
specialisationsand/or knowledge structuresdo not exist, new specialisationsand knowledge
structuresaredevelopedA task modelasa whole canbe included as a componentin an agent
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model, for example as in Figure 7. This supports easy extensiood#lsby incorporatingmore
complex tasks: scaling up a model with respect to task complexity.

Another possible extensionof the researchpresentedhere is to use the wellknown BDI
architecturgo simulateanimal behaviour.This BDI model (see[35], and its predecessoPRS
[21]), is organisedaroundthe notions beliefs, desires,and intentions.How the generic agent
model GAM depicted in Figure 7 can be refined to obtain a fornsplgifieddesignmodel of the
BDI-architecture, can be found in [6]. In shdhe beliefs on the environment(the world andthe
other agents) are maintained within the componefignance of world information @nd maintenance of
agent information. The desiresand intentionsare representedvithin a refinementof componenbwn
process control, Which in this case has a more complex, compositional structure, basedon
componentselief determination, desire determination @ndintention and commitment determination. The latter
componenis composef componentgoal determination andplan determination, which, in turn are
composed oOihtended goal determination @Ndcommitted goal determination, reSp. intended plan determination
and committed plan determination. FOr more details, see [6]. This BDI-model can be used to
investigatequestionsrelating mentalisticassumptionsabout animalsto observedor simulated
behaviour.

Yet other extensions of the research presented here can be found in tifesaal simulation
in societies consisting of simple animal-like agents. For exampl&4]rexperimentsare reported
with which socialtheoriesaretestedby simulatinginteractionbetweendifferent types of simple
agents (i.e., agents with limited knowledge and capabilities). Four types of agents are
distinguishedon the basisof their social characteristicssocial agents,parasiteagents,solitary
agentsand selfishagents.The effect of an agent’ssocial characteristicon interactionwith other
agents is measured by simulating adegttaviourin a situationin which 30 agentstry to survive
onal5* 15 grid in which 60 piecesof food are continually availablein randompositions.The
experimentgeportedin [14] havebeenreplicatedand extendedoy reverseengineeringoasedon
the generic agent model GAM depictedrigure 7. The refinementof the genericagentmodelto
obtainthe four typesof agentswas performedon the basisof the informal, textual descriptions
provided by [14]. The only componenisthin the genericagentmodel, applicableto thesesmall
agents, are the componenits process control aNdworld interaction management. The componenbwn
process control IS composedf four componentsown resource management, own characteristics, goal
determination @ndplan determination. The componenbwn resource management receivesinformation
about its current energy level and the resources it has conswitteeshich it determinests new
energy levelOn the basisof informationthe componentoal determination receivesaboutits own
social characteristicandits own energylevel, it determineghe goalsthe agentis to pursue:for
example to find foodor to look for help. The componenbwn characteristics receivesinformation
on the agent’s energy level from the comporentresource management. This informationis used
to determinethe agent’'snext state(e.g., hungry, normal or in danger). The componentplan
determination receivesinformation (1) from the componentown characteristics, hamelythe agent’s
current state, (2) from the componegsdl determination, Nnamely whichgoalsareto be pursuedand
(3) from outsidehe componentpamelythe currentstateof the world. With this informationthe
componentplan  determination determineswhich actionsto take in the external world. The
componentvorld interaction management interpretsinformationit receivesfrom the externalworld,
and transforménformationaboutactionsto be takenin the externalworld into specificationsor
actions which the external world can execute. Two components are defined to peesstasks:
the componenibservation information interpretation and the componeattion execution preparation. FOr
more details, see [7].

31



To simulate societies in which agents can behave in a deliberate normative rmamode) has
beendevelopedfor a deliberatenormative agent[13]. This type of agenthas explicit mental
representation®f norms, which are interpreted operationally as (meta-)goalsfor its own
behaviour. The deliberation also incorporates decidbmutwhento follow a normandwhento
violate it. The modelhasbeendesignedas a refinementof the genericagentmodel GAM in the
following manner. Besides components for maintenance of vidddnation and maintenancef
agent information, also a componefaintenance of society information is added. In this component the
normsdistinguishedn the societyare maintained Societyinformationis representedavithin this
separatecomponentfor the ‘Society Model’ to make society norms more explicitly visible as
distinct from personalnorms of specific agents.Other componentsreusedare agent interaction
management, world interaction management andown process control. The latter componenis refinedinto
four sub-componentSiorm management, goal management, plan management, and strategy management.
In the first of thesecomponentsiecisionson (personal)norm adoptionare made. The adopted
normsare operationalisedvithin strategy management in termsof control of the goal management
and plan management processes. For more details on the model, seetfiE3jebrfuture social
simulation experimentswith these normative agentsare planned. This example,and the one
describedin the previousparagraphshows how the models presentedhere scale up to more
complex situations.
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Appendix A Behaviour of Agent
Model A in situation 3

Trace A 3rd situation: 0

p2

Trace A 3rd situation: 1

Trace A 3rd situation: 2

world state || observation | actions
info of A of A

0 screen at p0
cupl at p1
food at p2
no cup at p2
self at pO

1 screen at p0 screen at pO
cupl at pl1 cupl at p1
food at p2 food at p2
no cup at p2 no cup at p2
self at pO self at pO

2 screen at p0 screen at pO
cupl at pl cupl at p1
food at p2 food at p2
cup2 at p2 no cup at p2
self at p0O self at pO

3 screen at p0 screen at pO
cupl at pl cupl at p1
food at p2 cup2 at p2
cup2 at p2 self at pO
self at pO

Trace A 3rd situation: 3

Trace A 3rd situation: 4




world state

observation
info of A

actions
of A

no screen at po
cupl at pl1

food at p2

cup2 at p2

self at pO

screen at pO
cupl at p1
cup2 at p2
self at p0

Trace A 3rd situation: 5

no screen at p0
cupl at pl

food at p2

cup2 at p2

self at pO

no screen at p0
cupl at p1
cup2 at p2

self at p0

Trace A 3rd situation: 6
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Appendix B Behaviour of Agent
Model B in Situation 3

Trace B 3rd situation: 0

p2

Trace B 3rd situation: 1

Trace B 3rd situation: 2

world state || beliefs B actions B
0 screen at p0
cupl at pl
food at p2
no cup at p2
1 screen at p0 screen at p0
cupl at pl cupl at p1
food at p2 food at p2
no cup at p2 no cup at p2
2 screen at p0 screen at p0
cupl at pl cupl at p1
food at p2 food at p2
cup2 at p2 no cup at p2
3 screen at p0 screen at p0
cupl at pl cupl at p1
food at p2 food at p2
cup2 at p2 cup2 at p2

Trace B 3rd situation: 3

Trace B 3rd situation: 4

o
° .
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Trace B 3rd situation: 5
C> 0
" 0
[e]
° .

world state | beliefs B actions B
no screen at pO| screen at p0

cupl at pl cupl at p1

food at p2 food at p2

cup?2 at p2 cup2 at p2

no screen at pO| no screen at pO

cupl at pl cupl at p1

food at p2 food at p2

cup2 at p2 cup2 at p2

no screen at pO| no screen at p0 | go to p2
cupl at pl cupl at p1

food at p2 food at p2

cup2 at p2 cup?2 at p2

no screen at pO| no screen at p0 | go to p2

cupl at pl
food at p2
cup2 at p2
self at p2

cupl at p1
food at p2
cup2 at p2

p2
e
T W
> 0
Trace B 3rd situation: 6
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o
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p2
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Irace B 3rd situation: 8

pl

P

—y =

pu



Appendix C Behaviour of Agent Model

C in Situation 4

world state beliefs C goals C actions and
observations C
screen at p0
cups at p1, p2
food at p2
self at pO
no screen at po no screen at p0 be fed goto pl
cups at pl, p2 cups at pl, p2 find food
food at p2 self at p0
self at p0
no screen at p0 no screen at p0 be fed to be observed
cups at pl, p2 cups at pl, p2 find food food at p1
food at p2 self at p1
self at p1
no screen at p0 no screen at p0 be fed go to p2
cups at pl, p2 cups at pl, p2 find food
food at p2 self at p1
self at p1 no food at p1
no screen at po no screen at po be fed to be observed
cups at pl, p2 cups at p1, p2 find food food at p2
food at p2 self at p2
self at p2 no food at p1
no screen at p0 no screen at p0 be fed eat
cups at pl, p2 cups at pl, p2 get food inside
food at p2 self at p2
self at p2 no food at p1
food at p2
no screen at po no screen at p0 be fed
cups at pl, p2 cups at pl, p2 find food
no food at p2 self at p2
self at p2 no food at p1
no food at p2




Appendix D Behaviour of Agent Model

D in Situation 4

world state beliefs D goals D actions and
observations D

screen at p0

cups at p1, p2

food at p2

higher competitor at p2

self at p0O

no screen at po no screen at p0 be fed go to pl

cups at pl, p2 cups at pl, p2 find food

food at p2 self at p0

higher competitor at p2 higher competitor at p2

self at pO

no screen at p0 no screen at p0 be fed to be observed

cups at p1, p2 cups at pl, p2 find food food at p1

food at p2 self at p1

higher competitor at p2 higher competitor at p2

self at p1

no screen at p0 no screen at p0 be fed

cups at pl, p2 cups at pl, p2 find food

food at p2 self at p1

higher competitor at p2 no food at p1

self at p1 higher competitor at p2

no screen at po no screen at po be fed go to p2

cups at p1, p2 cups at pl, p2 find food

food at p2 self at p1

no higher competitor at p2 no food at p1

self at p2 no higher competitor at p2

no screen at po no screen at po be fed to be observed

cups at p1, p2 cups at pl, p2 find food food at p2

food at p2 self at p2

no higher competitor at p2 no food at p1

self at p2 no higher competitor at p2

no screen at po no screen at p0 be fed eat

cups at pl, p2

food at p2

no higher competitor at p2
self at p2

cups at p1, p2

self at p2

no food at p1

food at p2

no higher competitor at p2

get food inside

no screen at po

cups at p1, p2

no food at p2

no higher competitor at p2
self at p2

no screen at p0

cups at p1, p2

self at p2

no food at p1

no food at p2

no higher competitor at p2

be fed
find food




Appendix E Behaviour of Agent Model

E in Situation 4

world state beliefs E experience E goals E actions and
observations E

cups at p1, p2, p3 food relevance: be fed

green at pl red-green-blue | find food

blue at p2

red at p3

food at p2

self at p0

cups at p1, p2, p3 cups at p1, p2, p3 food relevance: be fed relevancy of actions:

green at pl green at pl red-green-blue | find food go to p3

blue at p2 blue at p2 goto pl

red at p3 red at p3 go to p2

food at p2 self at p0O selected:

self at p0O gotopl

cups at p1, p2, p3 cups at p1, p2, p3 food relevance: be fed to be observed

green at pl green at pl red-green-blue | find food food at p1

blue at p2 blue at p2

red at p3 red at p3

food at p2 self at p1

self at p1

cups at p1, p2, p3 cups at p1, p2, p3 food relevance: be fed relevancy of actions:

green at pl green at pl red-blue-green | find food go to p3

blue at p2 blue at p2 go to p2

red at p3 red at p3 selected:

food at p2 self at p1 go to p2

self at p1 no food at p1

cups at p1, p2, p3 cups at p1, p2, p3 food relevance: be fed to be observed

green at pl green at pl red-blue-green | find food food at p2

blue at p2 blue at p2

red at p3 red at p3

food at p2 self at p2

self at p2 no food at p3

cups at p1, p2, p3 cups at p1, p2, p3 food relevance: be fed relevancy of actions:

green at pl
blue at p2
red at p3
food at p2
self at p2

green at pl
blue at p2
red at p3
self at p2

no food at p1
food at p2

blue-red-green

get food inside

eat
selected:
eat

cups at p1, p2, p3

green at pl
blue at p2
red at p3

no food at p2
self at p2

cups at p1, p2, p3

green at pl
blue at p2
red at p3
self at p2

no food at p1, p2

food relevance:
blue-red-green

be fed
find food

relevancy of actions:
go to p3
selected:
go to p3




