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I ntroduction

Computers are not very good at knowing what to do: every action a compertfnrms

must be explicitly anticipated, planned for, and coded by a programmarctfimputer
program ever encounters a situation that its designer did not anticipaehte result is not
usually pretty — a system crash at best, multiple loss of life at woles. mundane fact is
at the heart of our relationship with computers. It is so self-evidetiteé computer literate
that it is rarely mentioned. And yet it comes as a complete surprise te #rauntering
computers for the first time.

For the most part, we are happy to accept computers as obedient, literahgimative
servants. For many applications (such as payroll processing), it ielgnéicceptable.
However, for an increasingly large number of applications, we requstesys that can
decide for themselveghat they need to do in order to satisfy their design objectives.
Such computer systems are knowragents Agents that must operate robustly in rapidly
changing, unpredictable, or open environments, where there is a sighjfassibility that
actions carfail are known asntelligent agentsor sometimesautonomous agentsiere
are examples of recent application areas for intelligent agents:

= When a space probe makes its long flight from Earth to the outer plangtsuad
crew is usually required to continually track its progress, and decide thoueal
with unexpected eventualities. This is costly and, if decisions are nejquickly,
it is simply not practicable. For these reasons, organisationsvllga are seriously
investigating the possibility of making probes more autonomougiving them richer
decision making capability and responsibilities.

= Searching the Internet for the answer to a specific query can be a long andstedio

process. So, why not allow a computer program — an agent — do searches for us?

The agent would typically be given a query that would require syntingspseces of
information from various different Internet information sourceslufaiwould occur
when a particular resource was unavailable, (perhaps due to network fadiuve)ere
results could not be obtained.

This chapter is about intelligent agents. Specifically, it aims to give ydhoaough
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introduction to the main issues associated with the design and implatieerdf intelligent
agents. After reading it, | hope that you will understand:

= why agents are perceived to be an important new way of conceptualising aret impl
menting certain types of software application;

= what intelligent agents are (and are not), and how agents relate to othearsoft
paradigms — in particular, expert systems and object-oriented progranmin

= the main approaches that have been advocated for designing and implemeteting in
ligent agents, the issues surrounding these approaches, their relatiNg, mnd the
challenges that face the agent implementor;

= the characteristics of the main programming languages available foiruégents
today.

The chapter is structured as follows. First, in section 1.2, | descrifiet Wmean by
the termagent In section 1.3, | present sonabstract architecturegor agents. That
is, | discuss some general models and properties of agents without tegaosv such
agents might be implemented. In section 1.4, | disamwretearchitectures for agents.
The various major design routes that one can follow in implementing arnt agstem
are outlined in this section. In particulémgic-basedarchitecturesteactivearchitectures,
belief-desire-intentioarchitectures, and finalllayeredarchitectures for intelligent agents
are described. Finally, section 1.5 introduces some prototypical gmoging languages
for agent systems.

Comments on notation

This chapter makes use of simple mathematical notation in order to make ideasep
The formalism used that of discrete maths: a basic grounding in sefirstaorder logic
should be quite sufficient to make sense of the various definiticesepted. In addition:
if Sis an arbitrary set, thell (S) is the powerset 0§, andS* is the set of sequences of
elements of5, the symbol- is used for logical negation (sep is read “notp”); A is used
for conjunction (sgp A qis read ‘p andq”); V is used for disjunction (spV q s read p
or q"); and finally, = is used for material implication (§0= qis read ‘p impliesq").

1.2 What are agents?

An obvious way to open this chapter would be by presenting a definiticheoterm
agent After all, this is a book about multi-agent systems — surely we mustigiee
on what an agent is? Surprisingly, there is no such agreement: there isivessally
accepted definition of the term agent, and indeed there is a good deal of oighiate
and controversy on this very subject. Essentially, while there is a geo@nsensus that
autonomyis central to the notion of agency, there is little agreement beyondRhr$ of
the difficulty is that various attributes associated with agency are farufify importance
for different domains. Thus, for some applications, the ability cérdag tolearn from



1.2 What are agents? 5

AGENT

sensor

input action

output

ENVIRONMENT

Figure1.1 An agentin its environment. The agent takes sensory input from theoanvir
ment, and produces as output actions that affect it. The interaction isyuanatingoing,
non-terminating one.

their experiences is of paramount importance; for other applications, hgasnot only
unimportant, it is undesirable.

Nevertheless, some sort of definition is important — otherwise, ie@rdanger that the
term will lose all meaning (cf. “user friendly”). The definition presentedlehis adapted
from [71]: An agentis a computer system thatsguatedin someenvironmentand that is
capable ofiutonomous actiom this environment in order to meet its design objectives.

There are several points to note about this definition. First, thenitiefi refers to
“agents” and not “intelligent agents”. The distinction is deliberate: iisswalssed in more
detail below. Second, the definition does not say anything abouttyebf environment
an agent occupies. Again, this is deliberate: agents can occupy many differenbtypes
environment, as we shall see below. Third, we have not defiohomy Like agency
itself, autonomy is a somewhat tricky concept to tie down preciselyl mégan it in the
sense that agents are able to act without the intervention of humansosg#tems: they
have control both over their own internal state, and over their behaviosection 1.2.3,
we will contrast agents with the objects of object-oriented programpang we will
elaborate this point there. In particular, we will see how agents embodych stronger
sense of autonomy than do objects.

Figure 1.1 gives an abstract, top-level view of an agent. In this diagk@ncan see the
action output generated by the agentin order to affect its environment.dhdomains of
reasonable complexity, an agent will not haeenpletecontrol over its environment. It will
have at begpartial control, in that it carinfluencet. From the point of view of the agent,
this means that the same action performed twice in apparently identical ctemoas
might appear to have entirely different effects, and in particular, it fadyto have the
desired effect. Thus agents in all but the most trivial of environmenst bruprepared for
the possibility offailure. We can sum this situation up formally by saying that environments
arenon-deterministic

Normally, an agent will have a repertoire of actions available to its Blet of possible
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actions represents the agepffectoric capabilityits ability to modify its environments.
Note that not all actions can be performed in all situations. For examplagtion “lift
table” is only applicable in situations where the weight of the tableuiiciently small
that the agentan lift it. Similarly, the action “purchase a Ferrari” will fail if insuffient
funds area available to do so. Actions therefore haeeconditionsassociated with them,
which define the possible situations in which they can be applied.

The key problem facing an agent is that of decidiidchof its actions it should perform
in order to best satisfy its design objectivégient architecturgsof which we shall see
several examples later in this article, are really software architectures faeiateniaking
systems that are embedded in an environment. The complexity of the deciaking
process can be affected by a number of different environmental propertieselRarsd
Norvig suggest the following classification of environment propsrfb9, p46]:

= Accessiblessinaccessible
An accessible environment is one in which the agent can obtain complete, accurate,
up-to-date information about the environment’s state. Most modgredehplex envi-
ronments (including, for example, the everyday physical world andrtteznet) are
inaccessible. The more accessible an environment is, the simpler it idd@bants to
operate in it.

= Deterministicvs non-deterministic
As we have already mentioned, a deterministic environment is one thvelmy action
has a single guaranteed effect — there is no uncertainty about the statellthesuli
from performing an action. The physical world can to all intents and mBepbe re-
garded as non-deterministic. Non-deterministic environments pressateg problems
for the agent designer.

= Episodicvs non-episodic
In an episodic environment, the performance of an agent is dependent onb@mum
of discrete episodes, with no link between the performance of an agentfénedif
scenarios. An example of an episodic environmentwould be a mail gegtstem [60].
Episodic environments are simpler from the agent developer’s pergpéettause the
agent can decide what action to perform based only on the current episode — it need
not reason about the interactions between this and future episodes.

= Staticvsdynamic
A static environment is one that can be assumed to remain unchanged excegt by th
performance of actions by the agent. A dynamic environment is one thatthes o
processes operating on it, and which hence changes in ways beyond the agerdls co
The physical world is a highly dynamic environment.

= Discretevscontinuous
An environment is discrete if there are a fixed, finite number of actionpanzepts in
it. Russell and Norvig give a chess game as an example of a discrete eneirtgrand
taxi driving as an example of a continuous one.

As Russell and Norvig observe [59, p46], if an environment is suffityigromplex, then
the fact that it isactuallydeterministic is not much help: to all intents and purposes, it may
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as well be non-deterministic. The most complex general class of envirdamenthose
that are inaccessible, non-deterministic, non-episodic, dynamic, andgons.

1.2.1 Examplesof Agents

At this point, it is worth pausing to consider some examples of adémsigh not, as yet,
intelligent agents):

= Any control system can be viewed as an agent. A simple (and overused) example of

such a system is a thermostat. Thermostats have a sensor for deteotmteropera-
ture. This sensor is directly embedded within the environment (i.e.;dbm), and it
produces as output one of two signals: one that indicates that the teorpasabo low,
another which indicates that the temperature is OK. The actions availahkttrermo-
stat are “heating on” or “heating off”. The action “heating on” will generallyd¢he
effect of raising the room temperature, but this cannot bearanteeceffect — if the
door to the room is open, for example, switching on the heater may lweefact. The
(extremely simple) decision making component of the thermostat implsniiesually
in electro-mechanical hardware) the following rules:

toocold — heating on
temperature OK —  heating off

More complex environment control systems, of course, have consigiereliér deci-
sion structures. Examples include autonomous space probes, flyrdwingraft, nu-
clear reactor control systems, and so on.

= Most software daemons, (such as background processesuntheperating system),
which monitor a software environment and perform actions to modibait be viewed
as agents. An example is the X Windows progranff. This utility continually
monitors a user’s incoming email, and indicates v@@uaicon whether or not they have
unread messages. Whereas our thermostat agent in the previous examptedrénab
physicalenvironment — the physical world — théi f f program inhabits aoftware
environment. It obtains information about this environment by cagyiut software
functions (by executing system programs suchasfor example), and the actions it
performs are software actions (changing an icon on the screen, or execpitogyam).
The decision making component is just as simple as our thermostat exampl

To summarise, agents are simply computer systems that are capable of anisramtion

in some environmentin order to meet their design objectives. An agertypiitlally sense
its environment (by physical sensors in the case of agents situated of gfagtreal world,

or by software sensors in the case of software agents), and will hailelde a repertoire
of actions that can be executed to modify the environment, which may appesptond

non-deterministically to the execution of these actions.
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1.2.2 Inteligent Agents

We are not used to thinking of thermostatsunix daemons as agents, and certainly not
asintelligentagents. So, when do we consider an agent to be intelligent? The question,
like the questiorwhat is intelligence®self, is not an easy one to answer. But for me, an
intelligent agent is one that is capableftexibleautonomous action in order to meet its
design objectives, where by flexible, | mean three things [71]:

= reactivity. intelligent agents are able to perceive their environment, and respond in a
timely fashion to changes that occur in it in order to satisfy their dedijectives;

= pro-activenessntelligent agents are able to exhibit goal-directed behaviouaking
the initiativein order to satisfy their design objectives;

= gocial ability. intelligent agents are capable of interacting with other agents (and possi-
bly humans) in order to satisfy their design objectives.

These properties are more demanding than they might at first appear. Ttngeetwus
consider them in turn. First, considpro-activenessgoal directed behaviour. It is not
hard to build a system that exhibits goal directed behaviour — we deeitydime we
write a procedure iPASCAL, a function inc, or a method inAvA. When we write such

a procedure, we describe it in terms of tagsumption®n which it relies (formally, its
pre-conditior) and theeffectit has if the assumptions are valid (p®st-conditio. The
effects of the procedure are goal: what the author of the software intends the procedure
to achieve. If the pre-condition holds when the procedure is invoked, Wwe expect that
the procedure will executeorrectly. that it will terminate, and that upon termination, the
post-condition will be true, i.e., the goal will be achieved. Thigasl directed behaviour:
the procedure is simply a plan or recipe for achieving the goal. Tligramming model

is fine for many environments. For example, its works well when we denginctional
systems— those that simply take some inpytand produce as output some some function
f(x) of this input. Compilers are a classic example of functional systems.

But for non-functional systems, this simple model of goal directedjmming is not
acceptable, as it makes some important limiting assumptions. In partic@ssumes that
the environmentoes not changahile the procedure is executing. If the environment
does change, and in particular, if the assumptions (pre-condition)lyimigthe procedure
become false while the procedure is executing, then the behavioue girtltedure may
not be defined — often, it will simply crash. Also, it is assumed thatgtha!, that is, the
reason for executing the procedure, remains valid at least until the precedminates.

If the goal doesiotremain valid, then there is simply no reason to continue executing the
procedure.

In many environments, neither of these assumptions are valid. In gdartitudomains
that aretoo complexfor an agent to observe completely, that aralti-agent(i.e., they
are populated with more than one agent that can change the environment)em w
there isuncertaintyin the environment, these assumptions are not reasonable. In such
environments, blindly executing a procedure without regard to venetie assumptions
underpinning the procedure are valid is a poor strategy. In such dgreamironments,
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an agent must beeactive in just the way that we described above. That is, it must be
responsive to events that occur in its environment, where these evéausather the
agent’s goals or the assumptions which underpin the procedures tlagfethis executing

in order to achieve its goals.

As we have seen, building purely goal directed systems is not hard. Ashalesee
later in this chapter, buildingurely reactivesystems — ones thabntinuallyrespond to
their environment — is also not difficult. However, what turns out éochiard is building
a system that achieves an effecthadancebetween goal-directed and reactive behaviour.
We want agents that will attempt to achieve their goals systematically, pebyapaking
use of complex procedure-like patterns of action. But we don’t wanagents to continue
blindly executing these procedures in an attempt to achieve a goal eithertwhetear
that the procedure will not work, or when the goal is for some reasdonger valid. In
such circumstances, we want our agent to be able to react to the new sitiratiomg
for the reaction to be of some use. However, we do not want our agentdorii@ually
reacting, and hence never focussing on a goal long enough to actually athieve i

On reflection, it should come as little surprise that achieving a gatahbe between
goal directed and reactive behaviour is hard. After all, it is comparatively taffind
humans who do this very well. How many of us have had a manager who stagyéty bl
focussed on some project long after the relevance of the project was passedae
clear that the project plan was doomed to failure? Similarly, how many hasuatered
managers who seem unable to stay focussed at all, who flit from one projeattteean
without ever managing to pursue a goal long enough to achieything This problem —
of effectively integrating goal-directed and reactive behaviour — is otteedfey problems
facing the agent designer. As we shall see, a great many proposals have bedorinade
to build agents that can do this — but the problem is essentially sethop

Finally, let us say something abosibcial ability, the final component of flexible au-
tonomous action as defined here. In one sense, social ability is triviay. dagy millions
of computers across the world routinely exchange information with bomans and other
computers. But the ability to exchange bit streams is not really sociéyaBionsider that
in the human world, comparatively few of our meaningful goals can be asthiithout
the cooperationof other people, who cannot be assumedhareour goals — in other
words, they are themselves autonomous, with their own agenda toepdisachieve our
goals in such situations, we mustgotiateandcooperatavith others. We may be required
to understand and reason about the goals of others, and to perform astionsé paying
them money) that we would not otherwise choose to perform, in codggttthem to coop-
erate with us, and achieve our goals. This type of social ability is muie esomplex, and
much less well understood, than simply the ability to exchange binéwymation. Social
ability in general (and topics such as negotiation and cooperation in parjieue dealt
with elsewhere in this book, and will not therefore be considered hetgid chapter, we
will be concerned with the decision makinginflividualintelligent agents in environments
which may be dynamic, unpredictable, and uncertain, but do not contain otrgisag
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1.2.3 Agentsand Objects

Object-oriented programmers often fail to see anything novel or neveiidta of agents.
When one stops to consider the relative properties of agents and obfjecis perhaps not
surprising. Objects are defined as computational entitiessthzdpsulatesome state, are
able to perform actions, enethodsn this state, and communicate by message passing.

While there are obvious similarities, there are also significant diffees between
agents and objects. The first is in the degree to which agents and objectsom@naous.
Recall that the defining characteristic of object-oriented programminggigtinciple of
encapsulation — the idea that objects can have control over their own ingtatel In
programming languages likava, we can declare instance variables (and methods) to be
privat e, meaning they are only accessible from within the object. (We can of calgse
declare thenpubl i ¢, meaning that they can be accessed from anywhere, and indeed we
must do this for methods so that they can be used by other objects.cBusdtofpubl i ¢
instance variables is usually considered poor programming style.jdmwty, an object
can be thought of as exhibiting autonomy over its state: it has conteolip But an object
does not exhibit control over itbehaviour That is, if a methodnis made available for
other objects to invoke, then they can do so whenever they wish — onceexrt bag made
a methodbubl i ¢, then it subsequently has no control over whether or not that method is
executed. Of course, an objeotistmake methods available to other objects, or else we
would be unable to build a system out of them. This is not normallissue, because if
we build a system, then we design the objects that go in it, and they gar¢assumed
to share a “common goal”. But in many types of multi-agent system, (incpéat, those
that contain agents built by different organisations or individuais)such common goal
can be assumed. It cannot be for granted that an ageifitexecute an action (method)
a just because another aggnivants it to —a may not be in the best interestsioiWe
thus do not think of agents as invoking methods upon one-anothegthet asequesting
actions to be performed. |[frequests to performa, theni may perform the action or it may
not. The locus of control with respect to the decision about whetherdouts an action
is thus different in agent and object systems. In the object-oriented casdedrsion lies
with the object that invokes the method. In the agent case, the decisiamitliethe agent
that receives the request. | have heard this distinction between objects ansl @igely
summarised in the following sloga@®bjects do it for free; agents do it for money

Note that there is nothing to stop us implementing agents using etjiectted tech-
nigues. For example, we can build some kind of decision making aboubheittetexecute
a method into the method itself, and in this way achieve a strongerdfindtonomy for
our objects. The point is that autonomy of this kind is not a compbofehe basic object-
oriented model.

The second important distinction between object and agent systems isegfithct to
the notion of flexible (reactive, pro-active, social) autonomous behbavirhe standard
object model has nothing whatsoever to say about how to build systemstiégrate these
types of behaviour. Again, one could object that we can build object{edeprograms
thatdo integrate these types of behaviour. But this argument misses thg pdiich is
that the standard object-oriented programming model has nothing tdllthese types of
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behaviour.

The third important distinction between the standard object model andew of agent
systems is that agents are each considered to have their own thread of coritrohe—
standard object model, there is a single thread of control in the sy@égourse, a lot
of work has recently been devoted ¢oncurrencyin object-oriented programming. For
example, theava language provides built-in constructs for multi-threaded programgmi
There are also many programming languages available (most of them adiittetb-
types) that were specifically designed to allow concurrent object-based progrgnBut
such languages do not capture the idea we have of ageaté@somougntities. Perhaps
the closest that the object-oriented community comes is in the idactioe objects

An active object is one that encompasses its own thread of control Active objects
are generally autonomous, meaning that they can exhibit some lemavithout being
operated upon by another object. Passive objects, on the other handnbanndergo a
state change when explicitly acted upf#).p91]

Thus active objects are essentially agents that do not necessarily havditii¢cadxhibit
flexible autonomous behaviour.

To summarise, the traditional view of an object and our view of an agemt &ialeast
three distinctions:

= agents embody stronger notion of autonomy than objects, and in partibefadecide
for themselves whether or not to perform an action on request from anothey agen

® agents are capable of flexible (reactive, pro-active, social) behaviour, arstatidard
object model has nothing to say about such types of behaviour;

= amulti-agent system is inherently multi-threaded, in that each agent imeddo have
at least one thread of control.

1.2.4 Agentsand Expert Systems

Expert systems were the most important Al technology of the 1980k fh expert
system is one that is capable of solving problems or giving advicermesmowledge-
rich domain [32]. A classic example of an expert systemY<IN, which was intended
to assist physicians in the treatment of blood infections in humamsiN worked by
a process of interacting with a user in order to present the system withmdar of
(symbolically represented) facts, which the system then used to derive csamelusion.
MYCIN acted very much as@onsultantit did not operate directly on humans, or indeed
any other environment. Thus perhaps the most important distincétwelen agents and
expert systems is that expert systems kkecIN are inherenthdisembodiedBY this, we
mean that they do not interact directly with any environment: they getitifenmation not
via sensors, but through a user acting as middle man. In the same espgdmotact on
any environment, but rather give feedback or advice to a third party. Iti@aldive do not
generally require expert systems to be capable of co-operating with othreisafespite
these differences, some expert systems, (particularly those thatmpeadal-time control
tasks), look very much like agents. A good example istReHON system [33].
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Sources and Further Reading

A view of artificial intelligence as the process of agent design is present¢89in
and in particular, Chapter 2 of [59] presents much useful material. The tifirof
agents presented here is based on [71], which also contains an exten@veatagent
architectures and programming languages. In addition, [71] contains éedetaivey of
agent theories— formalisms for reasoning about intelligent, rational agents, which is
outside the scope of this chapter. This question of “what is an agentieishat continues

to generate some debate; a collection of answers may be found in [48]. Atientship
between agents and objects has not been widely discussed in the literatues [2d]s
Other readable introductions to the idea of intelligent agents incR4leand [13].

1.3 Abstract Architecturesfor Intelligent Agents

We can easily formalise the abstract view of agents presented so far. Einsf|\&assume
that the state of the agent's environment can be characterised asSa=sg,%,...}

of environment statesAt any given instant, the environment is assumed to be in one of
these states. The effectoric capability of an agent is assumed to be represeatedtb
A= {ay,ap,...} of actions Then abstractly, an agent can be viewed as a function

action: S" — A

which maps sequences of environment states to actions. We will refer to an agsited
by a function of this form as atandard agentThe intuition is that an agent decides what
action to perform on the basis of its history — its experiences to dateselbxperiences
are represented as a sequence of environment states — those that the agers taas thu
encountered.

The (non-deterministic) behaviour of an an environment can be modellefilinstan

env: Sx A— (9

which takes the current state of the environnmeatSand an actiora € A (performed by
the agent), and maps them to a set of environment statés a) — those that could result
from performing actiora in states. If all the sets in the range ehvare all singletons, (i.e.,
if the result of performing any action in any state is a set containinggiesmember), then
the environmentisleterministi¢c and its behaviour can be accurately predicted.

We can represent the interaction of agent and environmenhissamy. A historyh is a
sequence:

wheresg is the initial state of the environment (i.e., its state when the agarnssexe-
cuting), a, is theu'th action that the agent chose to perform, agds the u'th environ-
ment state (which is one of the possible results of executing aagionin states,_1). If

action: S" — Ais an agentenv: Sx A— [J(S) is an environment, ang is the initial state
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of the environment, then the sequence

will represent a possible history of the agent in the environmerthédffollowing two
conditions hold:

Yue N,a, = action((so,St,---,%))
and
Yu € N such thau > 0,5, € en(s,_1,ay-1)-

Thecharacteristic behaviounf an agenaction: S — Ain an environmergnv: Sx A —
O(9) is the set of all the histories that satisfy these properties. If sawgepty @ holds
of all these histories, this this property can be regarded as an invarigmerpy of the
agent in the environment. For example, if our agent is a nuclear reactor ltemtfice.,
the environment is a nuclear reactor), and in all possible historiegaithtroller/reactor,
the reactor does not blow up, then this can be regarded as a (desirablgrihgaoperty.
We will denote byhist(agent environment the set of all histories cigentin environment
Two agentag; andag are said to bbehaviourally equivalentith respect to environment
enviff hist(agi,env = hist(ag,eny), and simply behaviourally equivalent iff they are
behaviourally equivalent with respect to all environments.

In general, we are interested in agents whose interaction with their emamaoes
not endi.e., they aremon-terminatingIn such cases, the histories that we consider will be
infinite.

1.3.1 Purely Reactive Agents

Certain types of agents decide what to do without reference to their higtbey base
their decision making entirely on the present, with no reference at all tpatie We will
call such agentpurely reactive since they simply respond directly to their environment.
Formally, the behaviour of a purely reactive agent can be represented bgt@ifun

action: S— A

It should be easy to see that for every purely reactive agent, there is aalegtistandard
agent; the reverse, however, is not generally the case.

Our thermostat agent is an example of a purely reactive agent. Assumeyinibs of
generality, that the thermostat’s environment can be in one of two statEther too cold,
or temperature OK. Then the thermostat’s action function is simply

heater off ifs=temperature OK
heater on otherwise.

action(s) = {
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Figurel.2 Perception and action subsystems.

1.3.2 Perception

Viewing agents at this abstract level makes for a pleasantly simply analmigever, it
does not help us to construct them, since it gives us no clues about hossithdhe
decision functioraction For this reason, we will now begin tefineour abstract model of
agents, by breaking it down into sub-systems in exactly the way thad@e®in standard
software engineering. As we refine our view of agents, we find ourselaégmmdesign
choiceghat mostly relate to the subsystems that go to make up an agent — what data an
control structures will be present. Aagent architecturés essentially a map of the internals
of an agent — its data structures, the operations that may be performe@sen dhta
structures, and the control flow between these data structures. Later am#pter, we will
discuss a number of different types of agent architecture, with very differens on the
data structures and algorithms that will be present within an agent rethainder of this
section, however, we will survey some fairly high-level design decs The first of these

is the separation of an agent’s decision function pagcceptiorandactionsubsystems: see
Figure 1.2.

The idea is that the functioseecaptures the agent'’s ability to observe its environment,
whereas theaction function represents the agent’s decision making process.s€bhe
function might be implemented in hardware in the case of an agent situateslphysical
world: for example, it might be a video camera or an infra-red sensor ookélerobot.
For a software agent, the sensors might be system commands that pfataimation about
the software environment, suchlas fi nger, or suchlike. Theutputof theseefunction
is apercept— a perceptual input. Le® be a (hon-empty) set of percepts. Thsmeis a
function

seee S—» P
which maps environment states to percepts,aattbnis now a function

action: P* — A
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which maps sequences of percepts to actions.

These simple definitions allow us to explore some interestinggutigs of agents and
perception. Suppose that we have two environment stgtes S ands, € S, such that
S # S, butseds;) = sedsy). Then twodifferentenvironment states are mapped to the
samepercept, and hence the agent would receive the same perceptual information from
different environment states. As far as the agent is concerned, thergf@apds, are
indistinguishableTo make this example concrete, let us return to the thermostat example.
Let x represent the statement

“the room temperature is OK”
and lety represent the statement
“John Major is Prime Minister”.

If these are the only two facts about our environment that we are concerttedivein
the setSof environment states contains exactly four elements:

S= {{_‘X, _‘y}; {_‘X;y}: {X7 _'y}7 {X;y}}
e e N e N
S1 2 3 4

Thus in states;, the room temperature is not OK, and John Major is not Prime Minister
in states,, the room temperature is not OK, and John MagoPrime Minister. Now, our
thermostat is sensitivenly to temperatures in the room. This room temperature is not
causally related to whether or not John Major is Prime Minister. Thusthtes where
John Major is and is not Prime Minister are literalhdistinguishableo the thermostat.
Formally, theseefunction for the thermostat would have two percepts in its rapgend
p2, indicating that the temperature is too cold or OK respectively.sesfunction for the
thermostat would behave as follows:

seds) = pr ifs=siors=%
B p; ifs=s3ors=.

Given two environment statesse Sands' € S, let us writes= s if seds) = seds). Itis
not hard to see that is anequivalence relatiover environment states, which partitions
Sinto mutually indistinguishable sets of states. Intuitively, doarser these equivalence
classes are, the less effective is the agent’s perceptidpe |f= |5, (i.e., the number of
distinct percepts is equal to the number of different environment stdkes),the agent
can distinguisteverystate — the agent has perfect perception in the environment; it is
omniscient At the other extreme, if = | = 1, then the agent’s perceptual ability is non-
existent — it cannot distinguish betweany different states. In this case, as far as the
agent is concerned, all environment states are identical.

1.3.3 Agentswith state
We have so far been modelling an agent’s decision funeiion as fromsequencesf

environment states or percepts to actions. This allows us to representaestsdecision
making is influenced by history. However, this is a somewhat uriiméuiepresentation,
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Figurel.3 Agents that maintain state.

and we shall now replace it by an equivalent, but somewhat more natural schegridea
is that we now consider agents thma&intain state— see Figure 1.3.

These agents have some internal data structure, which is typically usedod in-
formation about the environment state and history. ILbe the set of all internal states
of the agent. An agent’s decision making process is then based, at least iorp#ris
information. The perception functicseefor a state-based agent is unchanged, mapping
environment states to percepts as before:

see S— P
The action-selection functiaactionis now defined a mapping
action: 1 — A

from internal states to actions. An additional functimextis introduced, which maps an
internal state and percept to an internal state:

next: I xP— 1

The behaviour of a state-based agent can be summarised as follows. Thetagerin s
some initial internal statig. It then observes its environment stgtand generates a percept
se€s). The internal state of the agent is then updated vianthefunction, becoming set
to next(ip, seds)). The action selected by the agent is tlamion(next(ip, se€s))). This
action is then performed, and the agent enters another cycle, perceiving tHeviasee
updating its state viaext and choosing an action to perform éetion

Itis worth observing that state-based agents as defined here are in fact noaweréul
than the standard agents we introduced earlier. In fact, theig@nticalin their expres-
sive power — every state-based agent can be transformed into a standard agent th
behaviourally equivalent.
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Sources and Further Reading

The abstract model of agents presented here is based on that given in [2%rQ3&mEnd
also makes use of some ideas from [61, 60]. The properties of perceptitiscassed in
this section lead t&nowledge theorya formal analysis of the information implicit within
the state of computer processes, which has had a profound effect in thearetigalter
science. The definitive reference is [14], and an introductory surve@]s [2

1.4 Concrete Architecturesfor Intelligent Agents

Thus far, we have considered agents only in the abstract. So while weskamined the
properties of agents that do and do not maintain state, we have not stimppexsider
what this state might look like. Similarly, we have modelled an age@etssion making as
an abstract functioaction, which somehow manages to indicate which action to perform
— but we have not discussed how this function might be implementediid section, we
will rectify this omission. We will consider four classes of agents:

= |ogic based agents- in which decision making is realised through logical deduction;

= reactive agents— in which decision making is implemented in some form of direct
mapping from situation to action;

= belief-desire-intention agents- in which decision making depends upon the manip-
ulation of data structures representing the beliefs, desires, and antewii the agent;
and finally,

= |ayered architectures— in which decision making is realised via various software
layers, each of which is more-or-less explicitly reasoning about the @mient at
different levels of abstraction.

In each of these cases, we are moving away from the abstract view of agentsgandrig
to make quite specific commitments about the internal structure and igpesbagents. In
each section, | will try to explain the nature of these commitments, thamgstions upon

which the architectures depend, and the relative advantages and disadvantages of each

1.4.1 Logic-based Architectures

The “traditional” approach to building artificially intelligent systenflsnown assymbolic
Al) suggests that intelligent behaviour can be generated in a system by thigirsystem a
symbolicrepresentation of its environment and its desired behaviour, and sgathoma-
nipulating this representation. In this section, we focus on the apeth of this tradition, in
which these symbolic representations lagical formulag and the syntactic manipulation
corresponds ttogical deductionortheorem proving

The idea of agents as theorem provers is seductive. Suppose we havehsomye t
of agency — some theory that explains how an intelligent agent should/éefhhis
theory might explain, for example, how an agent generates goals so asfypisatssign
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objective, how it interleaves goal-directed and reactive behaviour in aydahtieve these
goals, and so on. Then this theaggan be considered asspecificatiorfor how an agent
should behave. The traditional approach to implementing a system thaatisfy this
specification would involveefining the specification through a series of progressively
more concrete stages, until finally an implementation was reached. In theot/@gents
as theorem provers, however, no such refinement takes place. Ingteadewed as an
executable specificatioit is directly executedh order to produce the agent’s behaviour.
To see how such an idea might work, we shall develop a simple modegcfbased
agents, which we shall calleliberateagents. In such agents, the internal state is assumed
to be a database of formulae of classical first-order predicate logic. Bon@g, the agent’s
database might contain formulae such as:

Opern(valve22l)
Temperaturéreactord 726 321)
Pressurétank7 76, 28)

Itis not difficult to see how formulae such as these can be used to repriesgmbperties
of some environment. The database isitifermationthat the agent has about its environ-
ment. An agent’s database plays a somewhat analogous role to theliedfin humans.
Thus a person might have a belief that valve 221 is open — the agent haigiathe pred-
icate Opern(valve22]) in its database. Of course, just like humans, agents can be wrong.
Thus I might believe that valve 221 is open when it is in fact closed;abethat an agent
hasOper(valve221) in its database does not mean that valve 221 (or indeed any valve) is
open. The agent’s sensors may be faulty, its reasoning may be faultyfah@ation may
be out of date, or the interpretation of the formGlpern(valve221) intended by the agent’s
designer may be something entirely different.

Let L be the set of sentences of classical first-order logic, and let] (L) be the set
of L databasesi.e., the set of sets af-formulae. The internal state of an agent is then an
element ofD. We writeA,A,... for members oD. The internal state of an agent is then
simply a member of the s&. An agent’s decision making process is modelled through a
set ofdeduction rulesp. These are simply rules of inference for the logic. We wiite, ¢
if the formulag can be proved from the databaseising only the deduction rulgs An
agents perception functi@eeremains unchanged:

see S— P
Similarly, ournextfunction has the form

next: DxP—D

It thus maps a database and a percept to a new database. However, an agent’'s action

selection function, which has the signature
action: D — A

is defined in terms of its deduction rules. The pseudo-code definitibrisofunction is as
follows.
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1.  function action(A: D) : A

2. begin

3. foreach a € Ado

4. if A Fp Do(a) then
5. return a

6. end-if

7. end-for

8. foreach a € Ado

9. if At/p mDo(a) then
10. return a

11. end-if

12. end-for

13. return null

14. end function action

The idea is that the agent programmer will encode the deductionpudes database
A in such a way that if a formul®o(a) can be derived, whera is a term that denotes
an action, thera is the best action to perform. Thus, in the first part of the functioes
(3)—(7)), the agent takes each of its possible acteirsturn, and attempts to prove the
form the formulaDo(a) from its database (passed as a parameter to the function) using its
deduction rulep. If the agent succeeds in provilmp(a), thenais returned as the action
to be performed.

What happens if the agent fails to probe(a), for all actionsa € A? In this case, it
attempts to find an action thatéensistentvith the rules and database, i.e., one that is not
explicitly forbidden. In lines (8)—(12), therefore, the agent attempfind an actiom € A
such that-Do(a) cannot be derived from its database using its deduction rules. If it can
find such an action, then this is returned as the action to be performedwéver, the
agent fails to find an action that is at least consistent, then it returns a spetdednull
(ornoop), indicating that no action has been selected.

In this way, the agent’s behaviour is determined by the agent’s dedutties (its
“program”) and its current database (representing the information the hgermbout its
environment).

To illustrate these ideas, let us consider a small example (based on thenveleaning
world example of [59, p51]). The idea is that we have a small ratagent that will clean
up a house. The robot is equipped with a sensor that will tell it whetleover any dirt,
and a vacuum cleaner that can be used to suck up dirt. In addition, the robgtdias a
definite orientation (one afiorth, south east or wes). In addition to being able to suck
up dirt, the agent can move forward one “step” or turn right 9he agent moves around
a room, which is divided grid-like into a number of equally sized sgsgconveniently
corresponding to the unit of movement of the agent). We will assuateotlr agent does
nothing but clean — it never leaves the room, and further, we will assuithe interests
of simplicity that the room is a 8 3 grid, and the agent always starts in grid square)
facing north.
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Figurel4 Vacuum world

To summarise, our agent can receive a perdapt(signifying that there is dirt beneath
it), or null (indicating no special information). It can perform any one of threeiptess
actions:forward, suck orturn. The goal is to traverse the room continually searching for
and removing dirt. See Figure 1.4 for an illustration of the vacuumdyvo

First, note that we make use of three simghtgnain predicatem this exercise:

In(x,y) agentis atx,y)
Dirt(x,y) thereis dirt a{x,y)
Facingd) the agentis facing directioo

Now we specify ounextfunction. This function must look at the perceptual information
obtained from the environment (eithéirt or null), and generate a new database which
includes this information. But in addition, it mustmoveold or irrelevant information,
and also, it must try to figure out the new location and orientatiomefagent. We will
therefore specify thaextfunction in several parts. First, let us writéd(A) to denote the
set of “old” information in a database, which we want the update functédtto remove:

old(A) = {P(t1,...,ta) | P € {In,Dirt ,Facing} andP(ty, ... ty) € A}

Next, we require a functiomew which gives the set of new predicates to add to the
database. This function has the signature

new.DxP—D

The definition of this function is not difficult, but it is rather lethg, and so we will leave
it as an exercise. (It must generate the predichtés.), describing the new position of
the agentFacing(...) describing the orientation of the agent, dpid (.. .) if dirt has been
detected at the new position.) Given tiewvandold functions, thenextfunction is defined
as follows:

next(A, p) = (A\ old(A)) Unew(A, p)

Now we can move on to the rules that govern our agent’s behaviour. Thetiwdrules
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have the form

o) — w(...)

where@ andy are predicates over some arbitrary list of constants and variables. The idea
being that if@ matches against the agent’s database, thean be concluded, with any
variables iny instantiated.

The first rule deals with the basic cleaning action of the agent: thisvilllke priority
over all other possible behaviours of the agent (such as navigation).

In(x,y) A Dirt (x,y) — Do(sucKk (1.1)

Hence if the agent is at locatiaix,y) and it perceives dirt, then the prescribed action
will be to suck up dirt. Otherwise, the basic action of the agent wiltdoé&raverse the
world. Taking advantage of the simplicity of our environment, wd halrdwire the basic
navigation algorithm, so that the robot will always move fr¢@n0) to (0,1) to (0,2) and
then to(1,2), (1,1) and so on. Once the agent reacfg®), it must head back t¢0,0).
The rules dealing with the traversal up(®2) are very simple.

In(0,0) A Facing(north) A =Dirt (0,0) — Do( forward) (1.2)
In(0,1) A Facing(north) A =Dirt (0,1) — Do( forward) (1.3)
In(0, 2) A Facing(north) A =Dirt (0, 2) — Do(turn) (1.4)

In(0,2) A Facing(eas) — Do( forward) (1.5)

Notice that in each rule, we must explicitly check whether the antecedent df.rti)dires.
This is to ensure that we only ever prescribe one action vi®tiie..) predicate. Similar
rules can easily be generated that will get the ageri2{®), and once at2,2) back to
(0,0). Itis not difficult to see that these rules, together withriegtfunction, will generate
the required behaviour of our agent.

At this point, it is worth stepping back and examining the pragmafitiselogic-based
approach to building agents. Probably the most important point teensathat a literal,
naive attempt to build agents in this way would be more or less entimghydctical. To
see why, suppose we have designed out agent’s rufe sath that for any databage if
we can proveDo(a) thena is anoptimalaction — that isa is the best action that could
be performed when the environment is as describell iihen imagine we start running
our agent. At time;, the agent has generated some databBasand begins to apply its
rulesp in order to find which action to perform. Some time later, at timdat manages
to establishA; -, Do(a) for somea € A, and soa is the optimal action that the agent
could perform at time;. But if the environment hashangedetweert; andty, then there
is no guarantee that will still be optimal. It could be far from optimal, particularly if
much time has elapsed betwegrandts,. If t, —t; is infinitesimal — that is, if decision
making is effectively instantaneous — then we could safely disregard tbidgm. But
in fact, we know that reasoning of the kind our logic-based agents usbéevdnything
but instantaneous. (If our agent uses classical first-order predicate loggpitesent the
environment, and its rules are sound and complete, then there is no guahattéee
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decision making procedure will evéerminate) An agent is said to enjoy the property of
calculative rationalityif and only if its decision making apparatus will suggest an action
that was optimalvhen the decision making process begaalculative rationality is clearly
not acceptable in environments that change faster than the agent can make deeigiens
shall return to this point later.

One might argue that this problem is an artifact of the pure logic-basphagh
adopted here. There is an element of truth in this. By moving away frantlgtiogical
representation languages and complete sets of deduction rules, one can boikithgt
enjoy respectable performance. But one also loses what is arguably the gadategtge
that the logical approach brings: a simple, elegant logical semantics.

There are several other problems associated with the logical approach to.dgestcy
theseefunction of an agent, (its perception component), maps its environmamtgocept.
In the case of a logic-based agent, this percept is likely to be symboligpieatly, a set
of formulae in the agent’s representation language. But for many envaoisyit is not
obvious how the mapping from environment to symbolic percept nhightealised. For
example, the problem of transforming an image to a set of declarative statenepre-
senting that image has been the object of study in Al for decades, and essglhtially
open. Another problem is that actuatBpresentingproperties of dynamic, real-world en-
vironments is extremely hard. As an example, representing and reasonungexhporal
information— how a situation changes over time — turns out to be extraordinaifily d
ficult. Finally, as the simple vacuum world example illustrates, reprsg even rather
simpleproceduralknowledge (i.e., knowledge about “what to do”) in traditional logic can
be rather unintuitive and cumbersome.

To summarise, in logic-based approaches to building agents, decisiongigkiawed
as deduction. An agent’s “program” — that is, its decision making strategy encoded
as a logical theory, and the process of selecting an action reduces to a prolpemofof
Logic-based approaches are elegant, and have a clean (logical) semantics — videerein |
much of their long-lived appeal. But logic-based approaches have many aiigades. In
particular, the inherent computational complexity of theorem proviages it question-
able whether agents as theorem provers can operate effectively in time-constramed
ronments. Decision making in such agents is predicated on the assumipt@lcidative
rationality — the assumption that the world will not change in anyifigant way while
the agent is deciding what to do, and that an action which is rational whenaterisking
begins will be rational when it concludes. The problems associated eptiesenting and
reasoning about complex, dynamic, possibly physical environments soeessentially
unsolved.

Sources and Further Reading

My presentation of logic based agents is based largely on the discussiwiilnérate
agentspresented in [25, Chapter 13], which represents the logic-centric vied ahd
agents very well. The discussion is also partly based on [38]. A numbarcoé-or-
less “pure” logical approaches to agent programming have been developednaigh-
examples include theoNGOLOG system of Lespérance and colleagues [39] (which is
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based on thesituation calculus[45]) and the MeTATEM and Concurrent MTATEM
programming languages developed by Fisher and colleagues [3, 21] (in adpcits are
programmed by giving thertemporal logicspecifications of the behaviour they should
exhibit). Concurrent MTATEM is discussed as a case study in section 1.5. Note that these
architectures (and the discussion above) assume that if one adopts a éugiczéch to
agent-building, then this means agents are essentially theorem provelsyiegpxplicit
symbolic reasoning (theorem proving) in order to make decisionsjBtitbecause we
find logic a useful tool for conceptualising or specifying agents, dioiss not mean that
we must view decision-making as logical manipulation. An alternatite mompilethe
logical specification of an agent into a form more amenable to efficient decisaking
The difference is rather like the distinction between interpreted and ¢edmqpiogramming
languages. The best-known example of this work isditeated automatgaradigm of
Leslie Kaelbling and Stanley Rosenschein [58]. A review of the rolegit in intelligent
agents may be found in [70]. Finally, for a detailed discussion of calealedtionality and
the way that it has affected thinking in Al, see [60].

1.4.2 Reactive Architectures

The seemingly intractable problems with symbolic/logical approachesilditgy agents

led some researchers to question, and ultimately reject, the assumptam&hich such
approaches are based. These researchers have argued that minor changes tootite symb
approach, such as weakening the logical representation language, will ndtitiersuto

build agents that can operate in time-constrained environments: no¢isisighan a whole

new approach is required. In the mid-to-late 1980s, these researcharstbegvestigate
alternatives to the symbolic Al paradigm. Itis difficult to neatly charastahese different
approaches, since their advocates are united mainly by a rejection of symhatdher

than by a common manifesto. However, certain themes do recur:

= the rejection of symbolic representations, and of decision making baseyntexctic
manipulation of such representations;

» the idea that intelligent, rational behaviour is seen as innately linkégttEnvironment
an agent occupies — intelligent behaviour is not disembodied, but isdugtrof the
interactionthe agent maintains with its environment;

= the idea that intelligent behaviow@mergesfrom the interaction of various simpler
behaviours.

Alternative approaches to agency are sometime referred befzesvioural(since a com-
mon theme is that of developing and combining individual behavjpsitsiated(since a
common theme is that of agents actually situated in some environment, tfzihdreing
disembodied from it), and finally — the term | will use feactive (because such sys-
tems are often perceived as simply reacting to an environment, without regsarut
it). This section presents a survey of thgsumption architectuyevhich is arguably the
best-known reactive agent architecture. It was developed by Rodney Brooke-6f the
most vocal and influential critics of the symbolic approach to agency te émerged in
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recent years.

There are two defining characteristics of the subsumption architecturdirgthis that
an agent's decision-making is realised through a sdasf accomplishing behavioyrs
each behaviour may be though of as an indivica@lonfunction, as we defined above,
which continually takes perceptual input and maps it to an action to perfaoh & these
behaviour modules is intended to achieve some particular task. In 8riogikementation,
the behaviour modules are finite state machines. An important poimittois that these
task accomplishing modules are assumed to inchad@mplex symbolic representations,
and are assumed to dw symbolic reasoning at all. In many implementations, these
behaviours are implemented as rules of the form

situation— action

which simple map perceptual input directly to actions.

The second defining characteristic of the subsumption architecture isndrat be-
haviours can “fire” simultaneously. There must obviously be a mechatoisthoose be-
tween the different actions selected by these multiple actions. Brookeged arranging
the modules into aubsumption hierarchwith the behaviours arranged ifayers Lower
layers in the hierarchy are able itthibit higher layers: the lower a layer is, the higher is
its priority. The idea is that higher layers represent more abstract isehgvFor exam-
ple, one might desire a behaviour in a mobile robot for the belavVavoid obstacles”. It
makes sense to give obstacle avoidance a high priority — hence thisidethaill typi-
cally be encoded in lw-levellayer, which hasigh priority. To illustrate the subsumption
architecture in more detail, we will now present a simple formal modg| ahd illustrate
how it works by means of a short example. We then discuss its relativentayes and
shortcomings, and point at other similar reactive architectures.

The seefunction, which represents the agent’s perceptual ability, is assumed &rnrem
unchanged. However, in implemented subsumption architecture syskemesig assumed
to be quite tight coupling between perception and action — raw sensot ismot
processed or transformed much, and there is certainly no attempt to trarisfages to
symbolic representations.

The decision functiomctionis realised through a set of behaviours, together with an
inhibition relation holding between these behaviours. A behaviour is a(paiy, where
cC Pis aset of percepts called thendition anda € Ais an action. A behaviouc, a) will
firewhen the environmentis in stege Siff seds) € c. LetBeh={(c,a) |cC P andac A}
be the set of all such rules.

Associated with an agent’s set of behaviour ri#es Behis a binaryinhibition relation
on the set of behaviourst C Rx R. This relation is assumed to be a total orderingon
(i.e., itis transitive, irreflexive, and antisymmetric). We wilite< by if (by,b2) €<, and
read this asb; inhibitsb,”, that is, by is lower in the hierarchy thalop, and will hence get
priority overby. The action function is then defined as follows:

1. function action(p: P) : A
2. var fired :O(R)
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3 var selected A

4 begin

5. fired :={(c,a) | (c,a) € Rand p€ c}

6. for each (c,a) € fired do

7 if =(3(c,&) € fired such that (¢',&) < (c,a)) then
8 return a

9. end-if

10. end-for

11. return null

12.  end function action

Thus action selection begins by first computing thefsestd of all behaviours that fire
(5). Then, each behavioyc, a) that fires is checked, to determine whether there is some
other higher priority behaviour that fires. If not, then the action pétte behavioura, is
returned as the selected action (8). If no behaviour fires, then the distiregl actiomull
will be returned, indicating that no action has been chosen.

Given that one of our main concerns with logic-based decision making vihedeetical
complexity, it is worth pausing to examine how well our simple héhar-based system
performs. The overall time complexity of the subsumption actiowfion is no worse than
O(n?), wheren is the larger of the number of behaviours or number of percepts. Thus,
even with the naive algorithm above, decision making is tractable. In peaetie can do
considerablybetter than this: the decision making logic can be encoded into hardware,
giving constantdecision time. For modern hardware, this means that an agent can be
guaranteed to select an action within nano-seconds. Perhaps more than aslgthitigjs
computational simplicity is the strength of the subsumption agchite.

To illustrate how the subsumption architecture in more detail, weslwow how sub-
sumption architecture agents were built for the following scenaris ékample is adapted
from [66]):

The objective is to explore a distant planet, more concretely, to colltipkes of a
particular type of precious rock. The location of the rock sample®iknown in advance,
but they are typically clustered in certain spots. A number of aut@usnvehicles are
available that can drive around the planet collecting samples aner lstenter the a
mothership spacecraft to go back to earth. There is no detailed map planet available,
although it is known that the terrain is full of obstacles — hillgjleys, etc. — which
prevent the vehicles from exchanging any communication.

The problem we are faced with is that of building an agent control archietbureach
vehicle, so that they will cooperate to collect rock samples from the plamitcsuas
efficiently as possible. Luc Steels argues that logic-based agents, of theéygescribed
above, are “entirely unrealistic” for this problem [66]. Instead, he pseg a solution using
the subsumption architecture.

The solution makes use of two mechanisms introduced by Steels: Thie &igriadient
field. In order that agents can know in which direction the mothership liesntiteership
generates a radio signal. Now this signal will obviously weaken as distartbe source
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increases — to find the direction of the mothership, an agent need therelfpteonl “up
the gradient” of signal strength. The signal need not carry any infoomatt it need only
exist.

The second mechanism enables agents to communicate with one another. The charac-

teristics of the terrain prevent direct communication (such as messageg)assi Steels
adopted afndirect communication method. The idea is that agents will carry “radioactive
crumbs”, which can be dropped, picked up, and detected by passing robossif Emu
agent drops some of these crumbs in a particular location, then latergaagént hap-
pening upon this location will be able to detect them. This simple mesimaanables a
quite sophisticated form of cooperation.

The behaviour of an individual agent is then built up from a numberebfaviours,
as we indicated above. First, we will see how agents can be programnretiviclually
collect samples. We will then see how agents can be programmed to gersyapeeative
solution.

For individual (non-cooperative) agents, the lowest-level behayvi@md hence the
behaviour with the highest “priority”) is obstacle avoidance. Thisav&ur can can be
represented in the rule:

if detect an obstackhenchange direction. (1.6)

The second behaviour ensures that any samples carried by agents are droppedhgack at
mother-ship.

if carrying sampleandat the bas¢hendrop samples (1.7)
if carrying samples andbtat the bas¢hentravel up gradient. (1.8)

Behaviour (1.8) ensures that agents carrying samples will return to dtieemship (by
heading towards the origin of the gradient field). The next behawosures that agents
will collect samples they find.

if detect a samplthenpick sample up. (1.9)
The final behaviour ensures that an agent with “nothing better to do”xyilbee randomly.
if truethenmove randomly. (1.10)

The pre-condition of this rule is thus assumed to always fire. Theseioensiare arranged
into the following hierarchy:

(1.6) < (1.7) < (1.8) < (1.9) < (1.10)

The subsumption hierarchy for this example ensures that, for exaampdgient wilblways

turn if any obstacles are detected; if the agent is at the mother-ship andiasgaamples,
then it will alwaysdrop them if it is not in any immediate danger of crashing, and so on.
The “top level” behaviour — a random walk — will only every be carried ibthe agent
has nothing more urgent to do. It is not difficult to see how thigeénset of behaviours
will solve the problem: agents will search for samples (ultimately bycéag randomly),
and when they find them, will return them to the mother-ship.
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If the samples are distributed across the terrain entirely at random, théppety a
large number of robots with these very simple behaviours will wextkemely well. But
we know from the problem specification, above, that this is not the casesamples
tend to be located in clusters. In this case, it makes sense to have egepésatewith
one-another in order to find the samples. Thus when one agent finds a dangdes
it would be helpful for it to communicate this to the other agents,h&y tcan help it
collect the rocks. Unfortunately, we also know from the problem spedditahatdirect
communication is impossible. Steels developed a simple solutidmniggtoblem, partly
inspired by the foraging behaviour of ants. The idea revolves aranrabent creating a
“trail” of radioactive crumbs whenever it finds a rock sample. The trail bél created
when the agent returns the rock samples to the mother ship. If at sompdateranother
agent comes across this trail, then it need only follow it down the grafiedtto locate
the source of the rock samples. Some small refinements improve the effi@éhis
ingenious scheme still further. First, as an agent follows a trailéadlck sample source,
it picks up some of the crumbs it finds, hence making the trail fainesro&dly, the trail
is only laid by agents returning to the mothership. Hence if an agent followsdleut
to the source of the nominal rock sample only to find that it containsamaples, it will
reduce the trail on the way out, and will not return with samples to oedefit. After a few
agents have followed the trail to find no sample at the end of it, thiewiihin fact have
been removed.

The modified behaviours for this example are as follows. Obstaclelavee, (1.6),
remains unchanged. However, the two rules determining what to do if cgraysample
are modified as follows.

if carrying sampleandat the bas¢hendrop samples (1.11)

if carrying samples angbotat the base 112)

thendrop 2 crumbsndtravel up gradient. '
The behaviour (1.12) requires an agent to drop crumbs when returnibgse with a
sample, thus either reinforcing or creating a trail. The “pick up sample™bebta (1.9),
remains unchanged. However, an additional behaviour is required for glaalmcrumbs.

if sense crumbihenpick up 1 crumbandtravel down gradient (1.13)

Finally, the random movement behaviour, (1.10), remains unchangedetiehaviour are
then arranged into the following subsumption hierarchy.

(1.6) < (1.11) < (1.12) < (1.9) < (1.13) < (1.10)

Steels shows how this simple adjustment achieves near-optimal perfmgnramany
situations. Moreover, the solution ¢heap(the computing power required by each agent
is minimal) androbust (the loss of a single agent will not affect the overall system
significantly).

In summary, there are obvious advantages to reactive approaches such asdkat Bro
subsumption architecture: simplicity, economy, computational tradtabibbustness
against failure, and elegance all make such architectures appealing. But theoenare s
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fundamental, unsolved problems, not just with the subsumptionitacthire, but with
other purely reactive architectures:

= |f agents do not employ models of their environment, then they mus kafficient
information available in theitocal environment for them to determine an acceptable
action.

= Since purely reactive agents make decisions basédaloahinformation, (i.e., informa-
tion about the agentaurrentstate), it is difficult to see how such decision making could
take into accourmon-localinformation — it must inherently take a “short term” view.

= |tis difficult to see how purely reactive agents can be designedeahat from experi-
ence, and improve their performance over time.

= A major selling point of purely reactive systems is that overall behavésnerges
from the interaction of the component behaviours when the agent is placisl i
environment. But the very term “emerges” suggests that the relationgtipebn
individual behaviours, environment, and overall behaviour is ndewstandable. This
necessarily makes it very hard émgineeragents to fulfill specific tasks. Ultimately,
there is no principlednethodologyor building such agents: one must use a laborious
process of experimentation, trial, and error to engineer an agent.

= While effective agents can be generated with small numbers of behaviopisa(ty
less that ten layers), it iswuchharder to build agents that contain many layers. The
dynamics of the interactions between the different behaviours becomergaecoto
understand.

Various solutions to these problems have been proposed. One ob#igaopular of these

is the idea okvolvingagents to perform certain tasks. This area of work has largely broken
away from the mainstream Al tradition in which work on, for examplgjdebased agents

is carried out, and is documented primarily in #réficial life (alife) literature.

Sources and Further Reading

Brooks' original paper on the subsumption architecture — the onesthaated all the
fuss — was published as [8]. The description and discussion here lig pased on [15].
This original paper seems to be somewhat less radical than many of his latgmdrich
include [9, 11, 10]. The version of the subsumption architectued s this chapter is
actually a simplification of that presented by Brooks. The subsumgtiohitecture is
probably the best-known reactive architecture around — but there are rtang.oThe
collection of papers edited by Pattie Maes [41] contains papers that descripehtiagse,
as does the collection by Agre and Rosenschein [2]. Other approaches include:

= theagent network architecturdeveloped by Pattie Maes [40, 42, 43];

= Nilsson'steleo reactive programgi9y;

= Rosenchein and Kaelblingstuated automatapproach, which is particularly interest-
ing in that it shows how agents can $gecifiedn an abstract, logical framework, and
compiledinto equivalent, but computationally very simple machines [57, 36585,
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= Agre and Chapman®BENGIsystem [1];

m  Schoppersuniversal plans— which are essentially decision trees that can be used to
efficiently determine an appropriate action in any situation [62];

= Firby’'s reactive action packagd49].

Kaelbling [34] gives a good discussion of the issues associated witlagéng resource-
bounded rational agents, and proposes an agent architecture somewhat teirttikar
developed by Brooks.

1.4.3 Belief-Desire-Intention Architectures

In this section, we shall discubglief-desire-intentiofgD1) architectures. These architec-
tures have their roots in the philosophical tradition of undersiengractical reasoning
— the process of deciding, moment by moment, which action to perforneifuttherance
of our goals.

Practical reasoning involves two important processes: decidivaj goals we want to
achieve, andhow we are going to achieve these goals. The former process is known as
deliberation the latter agmeans-endseasoning. To gain an understanding of #®
model, it is worth considering a simple example of practical reasofifigen you leave
university with a first degree, you are faced with a decision to make — abbat to
do with your life. The decision process typically begins by tryingutalerstand what
the optionsavailable to you are. For example, if you gain a good first degree, then one
option is that of becoming an academic. (If you fail to obtain a good dedreepption
is not available to you.) Another option is entering industry.eAfjenerating this set of
alternatives, you musthoose between themndcommitto some. These chosen options
becomententions which then determine the agent’s actions. Intentions then feed back into
the agent’s future practical reasoning. For example, if | decide | want tmkeademic,
then | should commit to this objective, and devote time and effortitmbrg it about.

Intentions play a crucial role in the practical reasoning process. Perteap®#t obvious
property of intentions is that they tend to lead to action. If | trulyéan intention to
become an academic, then you would expect madioon that intention — to try to
achieve it. For example, you might expect me to apply to various PhDrgnes. You
would expect to to makem@asonable attemgib achieve the intention. By this, | mean that
you would expect me to carry our some course of action that | believedivibmst satisfy
the intention. Moreover, if a course of action fails to achieve the tigenthen you would
expect me tdry again— you would not expect me to simply give up. For example, if my
first application for a PhD programme is rejected, then you might expec¢orapply to
alternative universities.

In addition, once | have adopted an intention, then the very fact of akia intention
will constrain my future practical reasoning. For example, while | hg@dhe particular
intention, | will not entertain options that are inconsistent withttintention. Intending to
become an academic, for example, would preclude the option of partying gty the
two are mutually exclusive.

Next, intentiongpersist If | adopt an intention to become an academic, then | should
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persistwith this intention and attempt to achieve it. For if | immediately dnopintentions
without devoting resources to achieving them, then | will never actirything. However,
| should not persist with my intention for too long — if it becomes clemme that |
will neverbecome an academic, then it is only rational to drop my intention to do so.
Similarly, if the reason for having an intention goes away, then @ti®nal of me to drop
the intention. For example, if | adopted the intention to become an acadearise |
believed it would be an easy life, but then discover that | would be expeatadttially
teach then the justification for the intention is no longer present, ancdukhdrop the
intention.

Finally, intentions are closely related to beliefs about the future. ¥amele, if | intend
to become an academic, then | should believe that | will indeed become an academic. For
if I truly believe that | will never be an academic, it would be non-sensitaie to have an
intention to become one. Thus if | intend to become an academic, | should abédiase
that there is a good chance | will indeed become one.

From this discussion, we can see that intentions play a humber of tampaoles in
practical reasoning:

= Intentions drive means-ends reasoning
If I have formed an intention to become an academic, then | will attempt to a&chiev
the intention, which involves, amongst other things, decidiow to achieve it, for
example, by applying for a PhD programme. Moreover, if one particularseoaf
action fails to achieve an intention, then | will typically attempt oth@&tsus if | fail
to gain a PhD place at one university, | might try another university.

= |ntentions constrain future deliberation
If I intend to become an academic, then | will not entertain options that aresistent
with this intention. For example, a rational agent would not consigémdorich as
an option while simultaneously intending to be an academic. (While tlee are
not actually mutually exclusive, the probability of simultaneouslyiemhg both is
infinitesimal.)

= Intentions persist
I will not usually give up on my intentions without good reason —eyttwill persist,
typically until either | believe | have successfully achieved them, | eliecannot
achieve them, or else because the purpose for the intention is no [megent.

= Intentions influence beliefs upon which future practical reasorsrgased
If 1 adopt the intention to become an academic, then | can plan for the future on
the assumption thatWwill be an academic. For if | intend to be an academic while
simultaneously believing that | will never be one, then | am being oreti.

A key problem in the design of practical reasoning agents is that of of angiavgood
balancebetween these different concerns. Specifically, it seems clear that an agent should
at times drop some intentions (because it comes to believe that eithewilhagver be
achieved, they are achieved, or else because the reason for having therrisamb longer
present). It follows that, from time to time, it is worth an agent piag to reconsider
its intentions. But reconsideration has a cost — in terms of both tirdecamputational
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resources. But this presents us with a dilemma:

= an agent that does not stop to reconsider sufficiently often will continempting to
achieve its intentions even after it is clear that they cannot be achievdwtdheére is
no longer any reason for achieving them;

= an agent thatonstantlyreconsiders its attentions may spend insufficient time actually
working to achieve them, and hence runs the risk of never actually acigem.

This dilemma is essentially the problem of balancing pro-active (goat@id) and reactive
(event driven) behaviour, that we introduced in section 1.2.2.

There is clearly a tradeoff to be struck between the degree of commitmenéemal- r
sideration at work here. The nature of this tradeoff was examined by Dxémity and
Michael Georgeff, in a number of experiments carried out witsba agent framework
called dMARS [37]. They investigate hdwold agents (those that never stop to reconsider)
andcautiousagents (those that are constantly stopping to reconsider) perforreiredyw
of different environments. The most important parameter in these expets was theate
of world changey. The key results of Kinny and Georgeff were as follows.

= |f yis low, (i.e., the environment does not change quickly), then bold agémt
well compared to cautious ones, because cautious ones waste time reconsiring
commitments while bold agents are busy working towards — and achievittigeir
goals.

= If yis high, (i.e., the environment changes frequently), then cautious atgmtgo
outperform bold agents, because they are able to recognise when insewéaoomed,
and also to take advantage of serendipitous situations and new ogpestun

The lesson is that different types of environment require differergsyys decision strate-
gies. In static, unchanging environment, purely pro-active, goal direetkauvour is ad-
equate. But in more dynamic environments, the ability to react to changasdififying
intentions becomes more important.

The process of practical reasoning iB@al agent is summarised in Figure 1.5. As this
Figure illustrates, there are seven main componentstm agent:

® 3 set of currenbeliefs representing information the agent has about its current envi-
ronment;

= abelief revision function(br f), which takes a perceptual input and the agent’s current
beliefs, and on the basis of these, determines a new set of beliefs;

= anoption generation functigr(optiong, which determines the options available to the
agent (its desires), on the basis of its current beliefs about its emvéoirand its current
intentions

® 3 set ofcurrent optionsrepresenting possible courses of actions available to the agent;

= afilter function (filter), which represents the agentisliberationprocess, and which
determines the agent’s intentions on the basis of its current beliefsgsieend inten-
tions;

®= a set of currenintentions representing the agent’s current focus — those states of
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Figurel5 Schematic diagram of a generic belief-desire-intention architecture.

affairs that it has committed to trying to bring about;

= anaction selection functiofexecut® which determines an action to perform on the
basis of current intentions.

It is straightforward to formally define these components. FirstBidtbe the set of all
possible beliefsPpesbe the set of all possible desires, dmtl be the set of all possible
intentions. For the purposes of this chapter, the content of theséssetd important.
(Often, beliefs, desires, and intentions are represented as logical forpelbaps of first-
order logic.) Whatever the content of these sets, its is worth ndtiaigthey should have
some notion oftonsistencydefined upon them, so that one can answer the question of,
for example, whether having an intention to achigvs consistent with the belief that
Representing beliefs, desires, and intentions as logical formulae persnitscast such
guestions as questions as questions of determining whether logicalléerare consistent
— a well known and well-understood problem. The state @ba agent at any given
moment is, unsurprisingly, a tripl®, D, 1), whereB C Bel, D C Des and| C Int.

An agent’s belief revision function is a mapping

brf :0(Bel) x P— O(Bel)
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which on the basis of the current percept and current beliefs determines atrefbsliefs.
Belief revision is out of the scope of this chapter (and indeed this haokl so we shall
say no more about it here.

The option generation functionptions maps a set of beliefs and a set of intentions to
a set of desires.

options: O (Bel) xO(Int) — O (Dey

This function plays several roles. First, it must be responsibl¢hi® agent’s means-ends
reasoning — the process of deciding how to achieve intentions. Thas,anagent has
formed an intention tg, it must subsequently consider optiongthieve x These options
will be more concrete — less abstract — tharAs some of these options then become
intentions themselves, they will also feedback into option generatisalting in yet more
concrete options being generated. We can thus thinkeiflaagent’s option generation
process as one of recursively elaborating a hierarchical plan structure, eamgidnd
committing to progressively more specific intentions, until finélkeaches the intentions
that correspond to immediately executable actions.

While the main purpose of theptionsfunction is thus means-ends reasoning, it must in
addition satisfy several other constraints. First, it mustdresistentany options generated
must be consistent with both the agent’s current beliefs and currentiarienSecondly,
it must beopportunisti¢ in that it should recognise when environmental circumstances
change advantageously, to offer the agent new ways of achieving interdrahg possi-
bility of achieving intentions that were otherwise unachievable.

A BDI agent’s deliberation process (decidiwhat to do) is represented in th&lter
function,

filter : O(Bel) xO(De9g x O(Int) — O (Int)

which updates the agent's intentions on the basis of its previdwedly-intentions and
current beliefs and desires. This function must fulfill two roles. tFitsmust drop any
intentions that are no longer achievable, or for which the expected costief/axhthem
exceeds the expected gain associated with successfully achieving them. Sesloodld
retainintentions that are not achieved, and that are still expected to havetizgoserall
benefit. Finally, it shoulédoptnew intentions, either to achieve existing intentions, or to
exploit new opportunities.

Notice that we do not expect this function to introduce intentioomfnowhere. Thus
filter should satisfy the following constraint:

VB e O(Bel),vD € O(Des, VI € O(Int), filter(B,D,1) C1UD.

In other words, current intentions are either previously held intestor newly adopted
options.

Theexecutdunction is assumed to simply return any executable intentions — bghwhi
we mean intentions that correspond to directly executable actions:

execute(Int) — A
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The agent decision functioactionof aBbDI agent is then a function
action: P— A

and is defined by the following pseudo-code.

function action(p: P) : A
begin

B:=brf(B,p)

D := optiongD, 1)

| := filter(B,D,I)
return executél )
end function action

No ahk~wdhpRE

Note that representing an agent’s intentions s&téi.e., as an unstructured collection) is
generally too simplistic in practice. A simple alternative is to assoaipt@rity with each
intention, indicating its relative importance. Another natural idea igpresent intentions
as astack An intention is pushed on to the stack when it is adopted, and popped when
it is either achieved or else not achievable. More abstract intentionsewdl o be at the
bottom of the stack, with more concrete intentions towards the top.

To summariseBDI architectures are practical reasoning architectures, in which the

process of deciding what to do resembles the kind of practical reasoningetzgpear to
use in our everyday lives. The basic components mbaarchitecture are data structures
representing the beliefs, desires, and intentions of the agent, andbfwsthiat represent
its deliberation (decidingvhatintentions to have — i.e., deciding what to do) and means-
ends reasoning (deciding how to do it). Intentions play a central roleembdi model:
they provide stability for decision making, and act to focus the agpraistical reasoning.
A major issue inBDI architectures is the problem of strikingbalancebetween being
committed to and overcommitted to one’s intentions: the deliberationgss must be
finely tuned to its environment, ensuring that in more dynamic, highipredictable
domains, it reconsiders its intentions relatively frequently — in nstagic environments,
less frequent reconsideration is necessary.

TheBDI model is attractive for several reasons. First, it is intuitive — weedbgnise
the processes of deciding what to do and then how to do it, and we all haméoamal
understanding of the notions of belief, desire, and intention. Seébgiles us a clear
functional decomposition, which indicates what sorts of subsystemistroe required to
build an agent. But the main difficulty, as ever, is knowing how to effityjeimplement
these functions.

Sources and Further Reading
Belief-desire-intention architectures originated in the work of thedRaliAgency project

at Stanford Research Institute in the mid 1980s. The origins of thdeinlie in the
theory of human practical reasoning developed by the philosopher Michath&n [6],
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which focusses particularly on the role of intentions in practical reagpiiihe conceptual
framework of the BDI model is described in [7], which also describes a p&| agent
architecture calledRmMA. The description of th&bl model given here (and in particular
Figure 1.5) is adapted from [7]. One of the interesting aspects aithenodel is that it
has been used in one of the most successful agent architectures to date. TherBloced
Resoning SystenpPR9), originally developed by Michael Georgeff and Amy Lansky [26],
has been used to build some of the most exacting agent applications todateinig fault
diagnosis for the reaction control system of the space shuttle, and eaffcgrmhanagement
system at Sydney airport in Australia — overviews of these systentesi@ibed in [27].
InthePRS an agent is equipped with a library pianswhich are used to perform means-
ends reasoning. Deliberation is achieved by the useaifi-level planswhich are able to
modify an agent’s intention structure at run-time, in order to changéoitus of the agent’s
practical reasoning. Beliefs in tlirrsare represented @RoLOGlike facts — essentially,
as atoms of first-order logic.

The BDI model is also interesting because a great deal of effort has been devoted to
formalising it. In particular, Anand Rao and Michael Georgeff have deeslap range
of BDI logics, which they use to axiomatise propertiessofi-based practical reasoning
agents [52, 56, 53, 54, 55, 51]. These models have been extended by/totdenl with,
for example, communication between agents [28].

1.4.4 Layered Architectures

Given the requirement that an agent be capable of reactive and pro-active lehanio
obvious decomposition involves creating separate subsystems to deahese different
types of behaviours. This idea leads naturally to a class of architectwrbgin the various
subsystems are arranged into a hierarchy of interadéipgrs In this section, we will
consider some general aspects of layered architectures, and then go on to covsider t
examples of such architecture@sTERRAP andTOURINGMACHINES.

Typically, there will be at least two layers, to deal with reactive and prarabthaviours
respectively. In principle, there is no reason why there should not bg mare layers.
However many layers there are, a useful typology for such architecturestis byforma-
tion and control flows within them. Broadly speaking, we can identify types of control
flow within layered architectures (see Figure 1.6):

= Horizontal layering
In horizontally layered architectures (Figure 1.6(a)), the software $ager each di-
rectly connected to the sensory input and action output. In effect, each lateaits
like an agent, producing suggestions as to what action to perform.

= \ertical layering
In vertically layered architectures (Figure 1.6(b) and 1.6(c)), senspuyt eind action
output are each dealt with by at most one layer each.

The great advantage of horizontally layered architectures is their conceptpétgimif
we need an agent to exhilitdifferent types of behaviour, then we implemerdifferent
layers. However, because the layers are each in effect competing with one-another t
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Figure 1.6 Information and control flows in three types of layered agent architecture
(Source: [47, p263]).

generate action suggestions, there is a danger thawtrall behaviour of the agent will
not be coherent. In order to ensure that horizontally layered architecteesnsistent,
they generally include mediatorfunction, which makes decisions about which layer has
“control” of the agent at any given time. The need for such central controbld@matic: it
means that the designer must potentially consider all possible interatt&iween layers.
If there aren layers in the architecture, and each layer is capable of suggespogsible
actions, then this means there ané such interactions to be considered. This is clearly
difficult from a design point of view in any but the most simpleteys. The introduction
of a central control system also introducdsadtlenecknto the agent’s decision making.

These problems are partly alleviated in a vertically layered architecture. Weubdn s
vide vertically layered architectures intme passarchitectures (Figure 1.6(b)) arteio
passarchitectures (Figure 1.6(c)). In one-pass architectures, control flowestajly
through each layer, until the final layer generates action output. In twoapeisitectures,
information flows up the architecture (the first pass) and control tleevsfback down.
There are some interesting similarities between the idea of two-pagsaligriayered ar-
chitectures and the way that organisations work, with information figwip to the highest
levels of the organisation, and commands then flowing down. In balpass and two pass
vertically layered architectures, the complexity of interactions between lés/szduced:
since there are— 1 interfaces betweamlayers, then if each layer is capable of suggesting
mactions, there are at masg(n— 1) interactions to be considered between layers. This is
clearly much simpler than the horizontally layered case. However, thisisitgomes at
the cost of some flexibility: in order for a vertically layered architeetiormake a decision,
control must pass betweeachdifferent layer. This is not fault tolerant: failures in any one
layer are likely to have serious consequences for agent performance.

In the remainder of this section, we will consider two examples of layedtdtactures:
Innes Ferguson’sOURINGMACHINES, and Jorg Muller'sINTERRAP. The former is an
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Figurel.7 ToOURINGMACHINES: @ horizontally layered agent architecture

example of a horizontally layered architecture; the latter is a (two pass}albrlayered
architecture.

TouringMachines

The TOURINGMACHINES architecture is illustrated in Figure 1.7. As this Figure shows,
TOURINGMACHINES consists of threactivity producing layersThat is, each layer con-
tinually produces “suggestions” for what actions the agent should qperfbhereactive
layerprovides a more-or-less immediate response to changes that occur initbaemnt.
Itis implemented as a set of situation-action rules, like the behavinlBrooks’ subsump-
tion architecture (section 1.4.2). These rules map sensor input ditectector output.
The original demonstration scenario flDURINGMACHINES was that of autonomous ve-
hicles driving between locations through streets populated by othdasiagients. In this
scenario, reactive rules typically deal with functions like obstacle avaid. For example,
here is an example of a reactive rule for avoiding the kerb (from [28])p

rul e-1: kerb-avoi dance
if
is-in-front(Kerb, Cbserver) and
speed(Cbserver) > 0 and
separation(Kerb, Qbserver) < KerbThreshHold
t hen
change- ori ent ati on( Ker bAvoi danceAngl e)

Herechange-orientation(...) is the action suggested if the rule fires. The rules can
only make references to the agent’s current state — they cannot do any engalgrining
about the world, and on the right hand side of rulesaaténs not predicates. Thus if this
rule fired, it would not result in any central environment model beingatgi but would
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just result in an action being suggested by the reactive layer.

The TOURINGMACHINES planning layerachieves the agent's pro-active behaviour.
Specifically, the planning layer is responsible for the “day-to-day’himg of the agent
— under normal circumstances, the planning layer will be responsiblgeftiding what
the agent does. However, the planning layer does not do “first-printiplasning. That
is, it does not attempt to generate plans from scratch. Rather, the pldapé@igemploys
alibrary of plan “skeletons” calledchemasThese skeletons are in essence hierarchically
structured plans, which thHBOURINGMACHINES planning layer elaborates at run time in
order to decide what to do. So, in order to achieve a goal, the planniegddigmpts to
find a schema in its library which matches that goal. This schema will cost#irgoals,
which the planning layer elaborates by attempting to find other schemaspiaiit$ibrary
that match these sub-goals.

Themodelingayer represents the various entities in the world (including the atgetit i
as well as other agents). The modeling layer thus predicts conflicts betwees, ageht
generates new goals to be achieved in order to resolve these conflicts. Eegeals
are then posted down to the planning layer, which makes use of its ptarylip order to
determine how to satisfy them.

The three control layers are embedded withizpatrol subsystenwhich is effectively
responsible for deciding which of the layers should have control tweragent. This
control subsystem is implemented as a sebuitrol rules Control rules can eitheuppress
sensor information between the control rules and the control layerssexezisoraction
outputs from the control layers. Here is an example censor rule [D8]]p2

censor-rul e-1:
if
entity(obstacle-6) in perception-buffer
t hen
renove- sensory-record(layer-R entity(obstacle-6))

This rule prevents the reactive layer from ever knowing about whethstracl e- 6 has

been perceived. The intuition is that although the reactive layer will iriggihe the most
appropriate layer for dealing with obstacle avoidance, there are certaactgsstor which

other layers are more appropriate. This rule ensures that the reactive éagercomes to
know about these obstacles.

InteRRaP

INTERRAP is an example of a vertically layered two-pass agent architecture — see Fig-
ure 1.8.

As Figure 1.8 showsINTERRAP contains three control layers, as TOURINGMA-
CHINES. Moreover, the purpose of eatRTERRAP layer appears to be rather similar to
the purpose of each correspondir@uRINGMACHINES layer. Thus the lowesbghaviour
based layer deals with reactive behaviour; the middiecél planning layer deals with
everyday planning to achieve the agent’s goals, and the uppercoagtgrative planning
layer deals with social interactions. Each layer has associated wikth@valedge basé.e.,
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e ™
cooperation layer social knowledge
plan layer planning knowledge
behaviour layer world model
world interface
- J
perceptual input action output

Figure1.8 INTERRAP— a Vvertically layered two-pass agent architecture.

a representation of the world appropriate for that layer. These differenwtledge bases
represent the agent and its environment at different levels of abstractioa.tiie highest
level knowledge base represents the plans and actions of other agentsiwitoement;
the middle-level knowledge base represents the plans and actions ofetfieitaglf; and
the lowest level knowledge base represents “raw” information abowrthieonment. The
explicit introduction of these knowledge bases distinguish@SRINGMACHINES from
INTERRAP.

The way the different layers iNTERRAP conspire to produce behaviour is also quite
different fromTOURINGMACHINES. The main difference is in the way the layers interract
with the environment. ITOURINGMACHINES, each layer was directly coupled to percep-
tual input and action output. This necessitated the introduction opargisory control
framework, to deal with conflicts or problems between layersnirERRAP, layers inter-
act witheach otherto achieve the same end. The two main types of interaction between
layers ardoottom-up activatioandtop-down executiarBottom-up activation occurs when
a lower layer passes control to a higher layer because it isaropetento deal with the
current situation. Top-down execution occurs when a higher layer makesf tise fa-
cilities provided by a lower layer to achieve one of its goals. The basic dif control in
INTERRAPbegins when perceptual input arrives at the lowest layer in the achitecttire. If
reactive layer can deal with this input, then it will do so; otherwise dmottip activation
will occur, and control will be passed to the local planning layer. If twal planning layer
can handle the situation, then it will do so, typically by making us@pfdown execution.
Otherwise, it will use bottom-up activation to pass control to tlgbst layer. In this way,
control in INTERRAP will flow from the lowest layer to higher layers of the architecture,
and then back down again.

The internals of each layer are not important for the purposes of thiteattiowever,
it is worth noting that each layer implements two general functions. Tétedithese is a
situation recognition and goal activatidanction. This function acts rather like tog@tions
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function in a BDI architecture (see section 1.4.3). It maps a knowledge (one of the
three layers) and current goals to a new set of goals. The second functspimsible for
planning and scheduling- it is responsible for selecting which plans to execute, based on
the current plans, goals, and knowledge base of that layer.

Layered architectures are currently the most popular general class of agent arahitect
available. Layering represents a natural decomposition of functiondlit/easy to see
how reactive, pro-active, social behaviour can be generated by the reactive, ipeg-act
and social layers in an architecture. The main problem with layered architectuhed is
while they are arguably pragmaticsolution, they lack the conceptual and semantic clarity
of unlayered approaches. In particular, while logic-based approaches have lagiesr
semantics, it is difficult to see how such a semantics could be devised lfyreeed
architecture. Another issue is that of interactions between layers. If each tayer i
independent activity producing process (ag@URINGMACHINES), then it is necessary
to consider all possible ways that the layers can interact with one anottigprbblem is
partly alleviated in two-pass vertically layered architecture SUGRBSRRAP.

Sources and Further Reading

The introductory discussion of layered architectures given here drawdyhepon [47,
pp262—264]. The best referencet@URINGMACHINESIS [16]; more accessible references
include [17, 18]. The definitive referenceltorERRAPIs [46], although [20] is also a useful
reference. Other examples of layered architectures include the subsumptiteciuca[8]
(see also section 1.4.2), and the 3T architecture [4].

15 Agent Programming Languages

As agent technology becomes more established, we might expect to see a whriety
software tools become available for the design and construction of-agsatl systems;
the need for software support tools in this area was identified as longagive mid-
1980s [23]. In this section, we will discuss two of the better-kn@agent programming
languages, focussing in particular on Yoav Shohaxa’sNTO system.

151 Agent-oriented programming

Yoav Shoham has proposed a “new programming paradigm, based on a saeigtaf v
computation” which he callagent-oriented programming he key idea which informs
AOP is that of directly programming agents in terms moentalistic notions (such as
belief, desire, and intention) that agent theorists have developed &sespthe properties

of agents. The motivation behind the proposal is that humans use sochpts as an
abstractionmechanism for representing the properties of complex systems. In thee sam
way that we use these mentalistic notions to describe and explain taeibehof humans,

so it might be useful to use them to program machines.
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The first implementation of the agent-oriented programming paradignh@aseNTO
programming language. In this language, an agent is specified in terms of facaplae
bilities (things the agent can do), a set of initigliefs(playing the role of beliefs iBDI
architectures), a set of initi@ommitmentgplaying a role similar to that of intentions in
BDI architectures), and a set cddmmitment rulesThe key component, which determines
how the agent acts, is the commitment rule set. Each commitment rule coata@ssage
condition a mental conditionand an action. In order to determine whether such a rule
fires, the message condition is matched against the messages the agent has theeived
mental condition is matched against the beliefs of the agent. If the refe fiven the agent
becomes committed to the action. Actions maypbigate corresponding to an internally
executed subroutine, @ommunicativgi.e., sending messages. Messages are constrained
to be one of three types: “requests” or “unrequests” to perform or refrain actions,
and “inform” messages, which pass on information — Shoham indicates ttiabkdis
inspiration for these message types from speech act theory [63, 12]. Ragdesmrequest
messages typically result in the agent’'s commitments being modifiedninfotessages
result in a change to the agent’s beliefs.

Here is an example of aaGENTO commitment rule:

COWM T(
( agent, REQUEST, DQ(time, action)
), ;;; msg condition
(B

[now, Friend agent] AND
CAN(sel f, action) AND
NOT [time, CMI(self, anyaction)]
), ;;; mental condition
sel f,
DO(time, action)
)

This rule may be paraphrased as follows:
if | receive a message from agent which requests me to do action at tirdd, keelieve
that:
= agent is currently a friend;
= | can do the action;
= attime, | am not committed to doing any other action,
then commit to doing action at time.

The operation of an agent can be described by the following loop (seesFiddr.

1. Read all current messages, updating beliefs — and hence commitments — where
necessary;

2.  Execute all commitments for the current cycle where the capability tondif the
associated action is satisfied;
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3. Goto (1).

It should be clear how more complex agent behaviours can be designed #nd bui
AGENTO. However, it is important to note that this language is essentigdtptatype not
intended for building anything like large-scale production systedwvever, it does at
least give a feel for how such systems might be built.

1.5.2 Concurrent METATEM

Arguably, one drawback withGENTO is that the relationship between the logic and
interpreted programming language is only loosely defined. The progirmgrianguage
cannot be said to trulgxecutethe associated logic, in the way that our logic-based
agents did in section 1.4.1. The Concurrerg MTEM language developed by Fisher can
make a stronger claim in this respect [21]. A ConcurrerdTreM system contains a
number of concurrently executing agents, each of which is able to communiitatigsw
peers via asynchronous broadcast message passing. Each agent is programiviad by
it a temporal logic specification of the behaviour that it is intendedapent should
exhibit. An agent’s specification is executed directly to generate its balma&xecution
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of the agent program corresponds to iteratively building a logical mimdehe temporal

agent specification. It is possible to prove that the procedure usedetmutexan agent
specification is correct, in that if it is possible to satisfy the specificatihen the agent
will do so [3].

The logical semantics of ConcurrenteBVIATEM are closely related to the semantics
of temporal logic itself. This means that, amongst other things, fleeification and
verification of Concurrent MTATEM systems is a realistic proposition [22].

An agent program in Concurrent &ATEM has the formA; P = K, wherePR, is a
temporal logic formula referring only to the present or past, Bnid a temporal logic
formula referring to the present or future. TRe= F, formulae are known asiles The
basic idea for executing such a program may be summed up in the fofj@agan:

on the basis of the padbthe future.

Thus each rule is continually matched against an internal, recbigtty, and if a match

is found, then the ruléires If a rule fires, then any variables in the future time part are
instantiated, and the future time part then become®ramitmentthat the agent will
subsequently attempt to satisfy. Satisfying a commitment typically mesaking some
predicate true within the agent. Here is a simple example of a Con¢MieTaTEM agent
definition:

rc(ask[give :

Oaskx) = {Ogivex)

(—askx) Z (give(x) A —ask(X)) = —give(X)

give(x) A gively) = (x=Y)
The agent in this example is a controller for a resource that is infinieziewable, but
which may only be possessed by one agent at any given time. The controdiethenefore
enforce mutual exclusion over this resource. The first line of therproglefines the
interfaceto the agent: its name i (for resource controller), and it will accepisk
messages and segid/e messages. The following three lines constitute the agent program
itself. The predicatask’x) means that agenthas asked for the resource. The predicate
give(x) means that the resource controller has given the resource toxagév resource
controller is assumed to be the only agent able to ‘give’ the resourcesvmymany agents
may ask for the resource simultaneously. The three rules that defiregtriss behaviour
may be summarized as follows:

Rule 1: if someone has just asked for the resource, then eventualljhgivethe resource;

Rule 2: don't give unless someone has asked since you last gave; and

Rule 3: if you give to two people, then they must be the same persandon'’t give to
more than one person at a time).

Concurrent METATEM is a good illustration of how a quite pure approach to logic-based
agent programming can work, even with a quite expressive logic.
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Sources and Further Reading

The main references taGENTO are [64, 65]. Michael Fisher's ConcurrenteNMATEM
language is described in [21]; the execution algorithm that undergmdéscribed in [3].
Since Shoham'’s proposal, a number of languages have been proposed wahithocl
be agent-oriented. Examples include Becky Thomas'’s Planning Commungidsgients
(PLACA) language [67, 68MAIL [30], and Anand Rao’aGENTSPEAK(L) language [50].
APRIL is a language that is intended to be used for building multi-agergmgstalthough
it is not “agent-oriented” in the sense that Shoham describes [44].TEheSCRIPT
programming language, developed by General Magic, Inc., was thenfabtle agent
programming language [69]. That is, it explicitly supports thesidf agents as processes
that have the ability to autonomously move themselves across a conmetesrk and
recommence executing at a remote site. SIMEEESCRIPTWAS announced, a number of
mobile agent extensions to theva programming language have been developed.

1.6 Conclusions

| hope that after reading this chapter, you understand what agents are antdeytaré
considered to be an important area of research and development. The requif@ment
systems that can operate autonomously is very common. The requiremesystems
capable offlexibleautonomous action, in the sense that | have described in this chapter,
is similarly common. This leads me to conclude that intelligent agents tiee potential

to play a significant role in the future of software engineering. ligieht agent research is
about the theory, design, construction, and application of such sysitémnsschapter has
focussed on the design of intelligent agents. It has presented a higlhdégtract view

of intelligent agents, and described the sort of properties that onedvesplect such an
agent to enjoy. It went on to show how this view of an agent could be refiried/arious
different types of agent architecture — purely logical agents, purely reactivayioural
agentspDI agents, and layered agent architectures.

1.7 EXxercises

1. [Level 1]
Give other examples of agents (not necessarily intelligent) that you kiio®or
each, define as precisely as possible:

= the environment that the agent occupies (physical, software, ...),ates shat
this environment can be in, and whether the environment is: accessiblaoar in
cessible; deterministic or non-deterministic; episodic or non-épisatatic or
dynamic; discrete or continuous.

= the action repertoire available to the agent, and any pre-conditionsatesbeith
these actions;
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= the goal, or design objectives of the agent — what it is intended to achieve.
2. [Level 1]

(&) Prove that for every purely reactive agent, these is a behaviourailyaént
standard agent.

(b) Prove that there exist standard agents that have no behaviouraitaleqt
purely reactive agent.

3. [Levell]
Prove that state-based agents are equivalent in expressive power to stgetas]
i.e., that for every state-based agent there is a behaviourally equivaledasti agent
and vice versa.

4. [Level 2]
The following few questions refer to the vacuum world example desdrib sec-
tion 1.4.1.
Give the full definition (using pseudo-code if desired) of tiewvfunction, which
defines the predicates to add to the agent’s database.

5. [Level 2]
Complete the vacuum world example, by filling in the missing ruleswkhtuitive
do you think the solution is? How elegant is it? How compact is it?

6. [Level 2]
Try using your favourite (imperative) programming language to eosidution to the
basic vacuum world example. How do you think it compares to the logitatisn?
What does this tell you about trying to encode essentattgeduralknowledge (i.e.,
knowledge about what action to perform) as purely logical rules?

7. [Level 2]
If you are familiar withPROLOG try encoding the vacuum world example in this
language and running it with randomly placed dirt. Make use ofa®ert and
retract meta-level predicates provided broLogGto simplify your system (allow-
ing the program itself to achieve much of the operation ofrtéet function).

8. [Level 2]
Develop a solution to the vacuum world example using the behabiased approach
described in section 1.4.2. How does it compare to the logic-based example?

9. [Level 2]
Try scaling the vacuum world up to a X010 grid size. Approximately how many
rules would you need to encode this enlarged example, using the approaattedes
above? Try to generalise the rules, encoding a more general decision madhg-m
nism.

10. [Level 3]
Suppose that the vacuum world could also conthistacleswhich the agent needs to
avoid. (Imagine it is equipped with a sensor to detect such obstaclgsg ddapt the
example to deal with obstacle detection and avoidance. Again, compare &&sgd-
solution to one implemented in a traditional (imperative) prograngriidnguage.
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11.

12.

13.

14.

15.

16.

[Level 3]

Suppose the agent’s sphere of perception in the vacuum world is enlagyéuat
it can see thavholeof its world, and seexactlywhere the dirt lay. In this case, it
would be possible to generate aptimal decision-making algorithm — one which
cleared up the dirt in the smallest time possible. Try and think of suateml
algorithms, and try to code them both in first-order logic and a mi@e@itional
programming language. Investigate the effectiveness of these algorithemsthere
is the possibility ofnoisein the perceptual input the agent receives, (i.e., there is a
non-zero probability that the perceptual information is wrong), apddrdevelop
decision-making algorithms that are robust in the presence of sucé. idisv do
such algorithms perform as the level of perception is reduced?

[Level 2]
Try developing a solution to the Mars explorer example from sedtidr? using the
logic-based approach. How does it compare to the reactive solution?

[Level 3]

In the programming language of your choice, implement the Mars exp@aemnple
using the subsumption architecture. (To do this, you may find it Usefmplement

a simple subsumption architecture “shell” for programming diffetsgtiaviours.)
Investigate the performance of the two approaches described, and see if yda can
better.

[Level 3]

Using the simulator implemented for the preceding question, see whpehsas
you increase the number of agents. Eventually, you should see that aveirtgo
leads to a sub-optimal solution — agents spend too much time gettingf @ach
other’s way to get any work done. Try to get around this problem by atigwgents
to pass samples to each other, thus implemenirains (See the description in [15,
p305].)

[Level 4]

Read about traditionalontrol theory and compare the problems and techniques of
control theory to what are trying to accomplish in building intelligagents. How
are the techniques and problems of traditional control theory simildhdse of
intelligent agent work, and how do they differ?

[Level 4]

One advantage of the logic-based approach to building agents is thagitvésed
architecture igjeneric first-order logic turns out to extremely powerful and useful for
expressing a range of different properties. Thus it turns out taolsilple to use the
logic-based architecture ®ncodea range of other architectures. For this exercise,
you should attempt to use first-order logic to encode the differentitactbres
(reactive,BDI, layered) described in this chapter. (You will probably need to read
the original references to be able to do this.) Once completed, you wié ha
logicaltheoryof the architecture, that will serve both as a formal specification of the
architecture, and also as a precise mathematical model of it, amenable to pro®f. On
you have your logically-specified architecture, tryanimateit, by mapping your
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logical theory of it into, say therRoLOGprogramming language. What compromises
do you have to make? Does it seem worthwhile trying to directly proghasystem

in logic, or would it be simpler to implement your system in a moragpnatic
programming language (such as/A)?
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