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Abstract

In this paper we are interested in developing goal-based normativeé agen
chitectures. We ask ourselves the question what a normative goal ignsteer
this question we introduce a qualitative normative decision theory basbdlif
(B) and obligation (O) rules. We show that every agent which makes aptieti-
sions — which we call a BO rational agent — aassifit is maximizing its achieved
normative goals. This is the basis of our design of goal-based noeregients.

1 Introduction

Simon [10] interpreted goals as utility aspiration levafsplanning goals have a no-
tion of desirability as well as intentionality, and in the B&pproach [4, 8] goals have
been identifed with desires. Moreover, recently severalcgghes to extend decision
making and planning with goal generation, such as Thomas®bP logic [11] and
Broerseret.al's BOID architecture [2]. But what is this thing called goakthough
there are many uses of goals in planning and more recentlgantaheory, the onto-
logical status of goals seems to have received little d@ttent

In this paper we ask ourselves what a normative goal is. We drspiration from
Savage’s classical decision theory [9]. The popularityhi§ theory is due to the fact
that Savage shows that a rational decision maker, whickfsstisome innocent look-
ing properties, actss ifit is maximizing its expected utility function. This is cad
a representation theorem. In other words, Savage does swiasthat an agent has
a utility function and probability distribution which theyant uses to make decisions.
However, he shows that if an agent bases his decisions oereneies and some prop-
erties of these preferences, then we can assume that thelsgas his decisions on
these utilities and probabilities together with the demisiule which maximizes its ex-
pected utility. The main advantage is that Savage does nettbaxplain what a utility
functionis, an ontological problem which had haunted decision theorafes.

Likewise, we want to develop a qualitative normative dexisiheory in which a
normative agent actas if it is trying to maximize achieved normative goals. This
is what we call a goal-based representation theorem. Itigmghat agents can be



formalized or verifed as goal based reasoners even whenghedaes not reason with
goals at all. In other words, goal based representationsotibave to be descriptive.
A consequence of this indirect de£nition of goals is that tie®ty tells us what a goal
is, such that we do not have to explain its ontological statparsgely. Our problem is
the development of such a normative decision theory.

In this paper we introduce a rule based decision theory,dasebelief (B) and
obligation (O) rules. Our problem thus breaks down into twbgoblems:

e How to develop a normative decision theory based on beli@bétigation rules?
e How to defne a notion of normative goals in this theory?

We call an agent which minimizes its unreached obligatioB®arational agent, and
we defne goals as a set of formulas which can be derived byfdaliel obligations
in a certain way. The distinction between the decision themd the goal generation
is the way in which the obligation rules are used. In the decisheory obligation
rules are only used to evaluate the consequences of degigibrreas they asgpplied
during goal generation. Our central result thus says B@trational agents act as if
they maximize the set of achieved goals

Like classical decision theory but in contrast to severappsals in the BDI ap-
proach [4, 8], the theory does not incorporate temporalaeiag and scheduling.

The layout of this paper is as follows. We £rst develops a ntwadogic of de-
cision. This logic tells us what the optimal decision is, liidoes not tell us how to
£nd this optimal decision. We then consider the Al solutiothts problem [10]: break
down the decision problem into goal generation and goaldédseisions.

2 A normative decision theory

The qualitative decision theory introduced in this sect®based on sets of belief and
obligation rules. There are several choices to be made,emnar guide is to choose
the simplest option available.

2.1 Logicof rules

The starting point of any theory of decision is a distinctioetween choices made
by the decision maker and choices imposed on it by its enment. We therefore
assume the two disjoint sets of propositional atams= {a,b,c,...} (the agent’s
decision variables [6] or controllable propositions [1daW = {p,q,r,...} (the
world parameters or uncontrollable propositions). We &urit

e L4, Ly and L 4y for the propositional languages built up from these atoms in
the usual way, and, y, ... for any sentences of these languages.

e Cnga, Cny andCnaw for the consequence sets, aady, Ew and= 4w for
satis£ability, in any of these propositional logics.

e z = y for an ordered pair of propositional sentences called a rule



e FEr(S) for the R extension of5, as defned in De£nition 1 below.

Belief and obligation rules are interpreted as inferendesiuThis is formalized in
the following de£nition.

De£nition 1 (Extension) LetR C L aw X Law be asetofrulesand C Ly aset
of sentences. The consequents ofSkepplicable rules are:

R(S)={y|lz=yeR,zeS}

and theR extension ofS is the set of the consequents of the iterativelgpplicable
rules:

ER(S) = Nscx,r(Cnaw (x)cx X

The following proposition shows thdf(.5) is the smallest superset §fclosed
under the rulesR interpreted as inference rules.

Proposition 1 Let
e E%(S)=25S
o E4(S)=EL ' (S)UR(Cnaw(Ej; ' (S)))fori >0
We haveEr(S) = UF EL(S).
The following proposition shows thdr(.5) is monotonic.
Proposition 2 We haveR(S) C R(SUT)andEg(S) C Er(SUT).
Monotonicity is illustrated by the following example.

Examplel LetR = {T = p,a = —-p} andS = {a}, whereT stands for any
tautology likep vV —p. We haveFEr(S) = {a,p,—p}, i.e. theR extension ofS is
inconsistent. We daot have that for example the specif£c rule overrides the more
general one such thdfz(S) = {a, p}.

2.2 Decision speci£cation

A decision specifcation given in De£nition 2 is a descriptiba decision problem.
It contains a set of belief and obligation rules, as well astao$ facts and an initial
decision (or prior intentions).

A belief rule ‘the agent believeg in contextz’ is an ordered pair: = y with
x € Law andy € Ly, and a obligation rule ‘the agent is oughin contextz’ is an
ordered pairc = y with z € Law andy € Law . It implies that the agent’s beliefs
are about the worlda = p), and not about the agent’s decisions. These beliefs can
be about the effects of decisions made by the agent-(p) as well as beliefs about
the effects of parameters set by the wond=$ ¢). Moreover, the agent’s obligations
can be about the world:(= p, obligation-to-be), but also about the agent’s decisions
(x = a, obligation-to-do). These obligations can be triggereghsameters set by the
world (p = y) as well as by decisions made by the agentf ).

Defnition 2 (Decision speci£cation) A decision specifcationisatupleS = (F, B, 0, d)
that contains a consistent set of fagtsC Ly, £nite set of belief rule® C Ly x
Ly, £nite set of obligation rule® C Law x Law and an initial decisiondy C L 4.



2.3 Decisions

The belief rules are used to determine the expected consegsief a decision, where
a decisiond is any subset of. 4 that implies the initial decision,, and the set of
expected consequences of this decigiog the belief extension of’ U d. A decision
does not imply a contradiction.

Defnition 3 (Decisions) Let DS = (F, B, O, d,) be a decision specifcation. The set
of DS decisions is

A={d|dyCdC La,Ep(F Ud)is consisten}
A decisiond € A is a DS decision.
The following example illustrates decisions.

Example2 Let A = {a,b,c}, W = {p,q,r} and DS = (F,B,0,dy) with F =
{p—=r},B={p=q¢b= -qc=p}),0={{T =rT= aa= b}and
do = {a}. The initial decisiond, recects that the agent has already decided in an
earlier stage to reach the obligation = a. Note that the consequents of &llrules
are sentences dfy, whereas the antecedents of theules as well as the antecedents
and consequents of thig rules are sentences @f4y,. We have due to the de£nition of
ER(S):

Ep(FU{a}) = {p —ra}

Ep(FU{a,b}) ={p—rab ~q}

EB(F U {aﬂ C}) = {p —Ta,Cp, q}

Ep(FuU{a,b,c})={p—ra,b,cp,q,q}

Therefore{a, b, ¢} is not aD.S decision, because its extension is inconsistent.

There are two ways in which we continue. In the following wiadduce a norma-
tive theory, which determines the interpretation of theredats of the decision speci-
£cation. Thereafter we introduce a new element, called goatbe decision theory.
The distinction between the normative decision theory aedybal-based decision the-
ory is how the obligation rules are used. In the normativeth@bligation rules are
only used to evaluate the consequences of decisions, taeeaeapplied In the goal
based decision theory the obligation rules are appliechdutie generation of goals.

2.4 Optimal decisions

The obligation rules are used to compare the decisions. @hgarison is based on
the set of unreached obligations and not on the set of viblateeached obligations,
where a obligationr = y is unreached by a decision if the expected consequences
of this decision implyz but noty, and it is violated or reached if these consequences
imply respectivelyr A —y or z A y. Note that the set of unreached desires is a superset
of the set of violated desirés.

1In earlier work such as [12] we used the set of violated andhea obligations to order states, in
the sense that we minimized violations and maximized reachégatiohs. The present de£nition has the
advantage that it is simpler because it is based on a singleniaition process only. Note that in the present
circumstances we cannot minimize violations only, becausettaMead to the counterintuitive situation that
the minimal decisionl = d is always optimal.



De£nition 4 (Comparing decisions) Let DS = (F, B, 0, d,) be a decision specif-
cation andd be aD\S decision. The unreached obligations of decisicare:

Ud)={z=y€O|Eg(FUd) =xandEg(FUd) £ y}
Decisiond; is at least as good as decisiah, written asd; >y do, iff
U(dy) € U(dz)
Decisiond; dominates decisiods, written asd, > ds, iff
dy >y do anddy 2u dy
Decisiond; is as good as decisiadh, written asd, ~y do, iff
dy >y dy andd, >y dy
The following continuation of Example 2 illustrates the quarison of decisions.

Example 3 (Continued) We have:

U({a}) ={T = r,a = b},

U({a,b}) ={T =r},

U({a,c}) ={a=0b}.

We thus have that the decisiofig, b} and {a, ¢} both dominate the initial decision
{a}, i.e. {a,b} >y {a} and{a,c} >y {a}, but the decisionga, b} and {a,c} do
not dominate each other nor are they as good as each othefd,#} #v {a,c} and

{CL, C} 2U {av b}

The following proposition shows that the binary relationdstisions is transitive
and we can thus interpret it as a preference relation.

Proposition 3 The binary relation>; is transitive.

The following proposition shows that obligations only neatas long as they are
different from beliefs.

Proposition 4 The decision set of decision specifcatiof = (F, B, O, dy) is exactly
the decision set abS’ = (F, B, O \ B, dy). Moreover, we havd; >y ds in DS if
and only ifd; >y do in DS,

The decision theory prescribes a decision maker to seleaptimal or best deci-
sion, which is de£ned as a decision that is not dominated.

Degnition 5 (Optimal decision) Let DS be a decision specifcation. RS decision
d is U-optimal iff there is nd).S decisiond’ that dominates it, i.ed’ > d.

The following example illustrates that the minimal decisify is not necessarily
an optimal decision.



Example4 LetA = {a}, W = 0 and DS = ((,0,{T = a},0). We havel () =
{T = a} andU({a}) = . Hence, doing: is better than doing nothing.

The following example illustrates optimal decisions.

Example5 LetA = {a,b}, W =@ andDS = (0,0, {a = b}, D). We have:

U(d) ={a=b}ifd Eaw aandd FEaw b, U(d) = () otherwise

The U-optimal decisions are the decisiahshat either do not imply: or that imply
aNb.

The following proposition shows that for each decision #eation, there is at
least one optimal decision. This is important, becausetadeve to act in some way.

Proposition 5 Let DS be a decision specifcation. There is at least one U-optiingil
decision.

Proof. Since the fact8' are consistent, there exists at least one DS decision. Since
the set of desire rules is £nite there do not exist infEnite atiognchains in>;, and
thus there is an optimaD decision.

An alternative to our notion of optimality is to introduce ation of minimality in
the de£nition of optimal decisions. The following De£nitiom&oduces a distinction
between smaller and larger decisions. A smaller decisigli@s that the agent com-
mits itself to less choices. A minimal optimal decision isgatimal decision such that
there is no smaller optimal decision.

De£nition 6 (Minimal optimal decision) A decisiond is a minimal U-optimalD$
decision iff it is an U-optimalD S decision and there is n®S decisiond’ such that
d = d andd’ £ d.

The following example illustrates the distinction betwegtimal and minimal op-
timal decisions.

Example6 LetDS = (F,B,0,dy) with F =0, B={a = z,b=2},0 ={T =
x}, dy = 0. Optimal decisions aréa}, {b} and {a, b}, of which the former two are
minimal.

The following proposition illustrates in what sense a diecigheory based on op-
timal decisions and one based on minimal optimal decisiomgquivalent.

Proposition 6 For every U-optimalD.S decisiond, there is a minimal U-optimaD S
decisiond’ such thatd ~¢; d’.

We £nally def£ne what a BO rational agent is.

De£nition 7 A BO rational agent is an agent that, confronted with a decisspeci-
£cation DS, selects an U-optimaD.S decision. A BO parsimoneous agent is a BO
rational agent that selects a minimal U-optim@lS decision.

Thus far, we have not considered the notion of goals. Thisephis introduced in
the following section.



3 Goal-based decision theory

In this section we show that every rational agent, in the s@fie£nition 7, can be
understood as a goal planning agent [7].

3.1 Goal-based optimal decisions

Goal-based decisions in De£nition 8 combine decisions in Diefir8 and the notion

of goal, which is a set of propositional sentences. Note shgbal set can contain
decision variables (which we call to-do goals) as well asapeaters (which we call
to-be goals).

De£nition 8 (Goal-based decision) Let DS = (F, B, O, d,) be a decision specifca-
tion and the goal seff C Ly a set of sentences. A decisidns a G decision if
EB(FUd) |:AW G.

What is the goal set of an optimal decision? One way to stad ohsider all
derivable goals from an initial decision andreaximalset of obligations.

Defnition 9 (Derivable goal set) LetDS = (F, B, O, d,) be a decision specifcation.
A set of formulags C L 4y is a derivable goal set ab S if

G = Epuo (FUdy) \ Cnaw (Ep(F Udp))
whereO’ C O is amaximal(with respect to set inclusion) set such that
1. Epuor (F Udy) is consistent and
2. thereis aD.S decisiond that is aG decision.

However, the following proposition shows that for some dabie goal setz, not
all G decisions are optimal.

Proposition 7 For a derivable goal se€ of DS, a G decision does not have to be an
U-optimal decision.

Proof. Consider the decision specifcatiénS = (§,{a = p},{T = p,a =
b},0). The selG = {p} is the only derivable goal set (based = {T = p,a =
b}). TheDS decisionsi; = {a} anddy = {a, b} are bothG decisions, but only, is
an U-optimal decision.

We therefore de£ne goals with respect to an optimal decision.

De£nition 10 (Achievable goal set) Let DS = (F, B,0O,d,) be a decision specif-
cation. A set of formulag&’ C L aw is an achievable goal set dS if there is an
U-optimal DS decisiond such that

G:{I/\y‘xéyEO/,EBuol(FUd) ':AW l‘/\y}
where

O/={$:>yEO|EB(FUd) Eaw zor Eg(FUd) Eaw z Ay}



Proposition 8 Let DS = (F, B,0,d,) be a decision specifcation and let a set of
formulasG C L 4w be an achievable goal set @iS. There exists an U-optimdD.S
decisiond such that

G={zANy|lz=y€O,Eg(FUd) Eaw z Ay}

Proof. Follows directly fromEp,o/ (F U d) = Eg(F U d), whereO’ is as defned
in De£nition 10.

The following proposition shows that we can de£ne one halhefrepresentation
theorem for achievable goal sets.

Proposition 9 For an U-optimal decisior of D.S there is an achievable goal sétof
DS such thatd is a G decision.
Proof. Follows directly fromEzuo/ (F Ud) = Eg(F Ud).

However, the following proposition shows that the otheff loékhe representation
theorem still fails.

Proposition 10 For an achievable goal s&¥ of DS, a G decision does not have to be
an U-optimal decision.

Proof. Consider the decision specifcatift = ({—q¢},{a = p,b = p},{T =
p,b = ¢},0). The setG = {p} is the only achievable goal set (hased@h= {T =
p,b = q}). TheDS decisions!; = {a} andds = {b} are both (minimal)z decisions,
but onlyd, is an optimal decision.

The counterexample in Proposition 10 also shows that weatgmove the second
half of the representation theorem, because we only congahitive goals (states the
agent wants to reach) and not negative goals (states thésagants to evade). The
theory is extended with positive and negative goals in tlleviing subsection.

3.2 Positive and negative goals

In this section we show that the representation theorem svbdth ways if we add
negative goals, which are de£ned in the following de£nitiostages the agent has to
avoid. They function as constraints on the search procegesaifbased decisions.

De£nition 11 (Goal-based decision) Let DS = (F, B,O, dy) be a decision specif-
cation, and the so-called positive goal €8t and negative goal sef~ subsets of
Law. A decisiond is a (GT,G™) decision if Eg(F Ud) Eaw GT and for each

g € G- we haveEg(FUd) FEaw g.

The de£nition of achievable goal set is extended with negajbals.

Defnition 12 (Positive and negative achievable goal set) Let DS = (F, B,0,dy)
be a decision specifcation. The two sets of formdlds G~ C L4y are respec-
tively a positive and negative achievable goal set®df if there is an optimalD.S
decisiond such that

Gt={zAy|z=ye O Eg(FUd) Faw z Ay}



G ={z|z=yeO0 Epuo(FUd) Faw =}

where
O/:{$$y€O|EB(FUd) %AwCEOI‘EB(FUd) ':AW l‘/\y}

The following example illustrates the distinction betwesptimal decisions and
minimal optimal ones.

Example7 Let A = {a,b}, W = 0 and DS = (0,0,{a = b},0). The opti-
mal decision ig) or {a, b}, and the related goal sets a&*,G~) = (0, {a}) and
(G*,G7) = ({a A b},0). The only minimal optimal decision is the former.

The following example illustrates a conwict.

Example8 LetW = {p}, A = {a}, DS = (F,B,0,dy) with F = 0, B = 0,
O={T =anp T = —a}, dy = (. We have optimal decisiofr-a} with goal
set(GT,G~) = ({—a},0). The decisionfa} does not derive goal séG*,G~) =
({a A p},0). One of the possible choices{ia}, which is however sub-optimal since
we cannot guarantee that the £rst obligation is reached.

The £rst part of the representation theorem is analogousojgoBition 9.

Proposition 11 For an U-optimal decisiond of DS there is an achievable goal set
(G*,G7) of DS such thatdis a (G*, G~) decision.
Proof. See Proposition 9.

Proposition 12 For an achievable goal s€tG*,G~) of DS, a (G, G™) decision is
an U-optimal decision.

Proof. (G, G™) is achievable and thus there there is an U-optimef decision
such thatEg(F U d) Eaw GT and for allg € G~ we haveEg(F Ud) FEaw g.
Let d be any decisioni such thatEp(F U d) Eaw GT and for allg € G~ we
have Ep(F Ud) aw g. Supposel is not U-optimal. This means that there exists
a d' such thatd’ >y d, i.e. such that there exists an obligation= y € O with
Ep(FUd) Faw z, Eg(F Ud) EFaw y and either:

o Ep(FUd) faw x A y;
° EB(FUCZ/) ':AW Y,

However, the £rst option is not possible due to the negatiaésgnd the second option
is not possible due to the positive goals. Contradictiond bas to be U-optimal.

The representation theorem is a combination of Propositioand 12.

Theorem 1 A decisiond is an U-optimal decision if and only if there is an achievable
goal set{G*,G~) of DS such thatd is a (G*, G~) decision.



4 Agent speci£cation and design

In this section we discuss how the proposed qualitative ative decision and goal
theory can be used to guide the design and specifcation ohahtBO agents in a
compositional way. The general idea of compositional desigd specifcation is to
build agents using components. They may be either primitiveponents or composed
of other components, such that the specifcation of agentsecaroken down into the
specif£cation of components and their relations. Here we spivee preliminary ideas
and explain how the proposed qualitative normative deciaiod goal theory supports
a specifc compositional design for rational BO agent.

The qualitative decision theory, as proposed in sectionp2ci€es the decision
making of an agent in terms of its observations and its mextiéides such as beliefs
and obligations. The specifed agent can therefore be coedids consisting of com-
ponents that represent agent’s beliefs and obligationsaardsoning component that
generates agent’s decisions based on its observationsamtdlrattitudes. The abstract
design of such a BO agent is illustrated in Figure 1. For tesigh of BO agents, no-
tions such as optimal decisions and minimal optimal densitan be used to specify
the reasoning component and thus the decision making mschafithe agent.

agent
B
observation reasonet decision
O

Figure 1: Agent

The following example illustrates an agent with certainiéfel and obligations,
the possible decisions that the agent can make, and how tlmsdrom qualitative
normative decision theory can be used to specify the sulbsietaisions that the agent
can make.

Example 9 Consider an agent who believes that he works and that if lseasealarm
clock he can wake up early to arrive in time at his work, i.e.

B ={T = Work, SetAlarm = InTime}

The agent has also the obligation to arrive early at his wonkl &e has to inform his
boss when he does not work; i.e.

O = {Work = InTime,~Work = InformBoss}



In this example, the propositionSet Alarm and InformBoss are assumed to be
decision variables (the agent has control on setting themalelock and informing his
boss), whilédV ork and Intime are assumed to be world parameters (the agent has no
control on its working status and the starting time). Moreowe assume that the agent
has no observation and no intentions. One can specify thetage rational BO agent

in the sense that it makes optimal decisions. Being speci£adational BO agent, he
will decide to use the alarm clock though he has in principngnpossible decisions
including®, {SetAlarm}, {InformBoss}, and{SetAlarm, InformBoss}.

The goal based decision theory, as proposed in section 3aiegthe decision
making of a rational BO agent as if it aims at maximizing agatenormative goals. In
particular, the goal based decision theory explains hownative goals of an agent can
be specifed based on its decision specifcation. The specifsohieg component
of the rational BO agent can therefore be decomposed andragsias consisting of
two reasoning components: one which generates normatiss gad one which gen-
erate decisions to achieve those goals. This decompositiggests an agent design as
illustrated in Figure 2. According to this agent design, a &§2nt generates £rst its
normative goals based on its observation, its beliefsgalithns and its intentions. The
generated goals are subsequently the input of the decisioergtion component.

agent
B
observation goal | goal set| decision| | decision
generation generation
O

Figure 2: Goal-based agent

Following the design decomposition, the specifcation of aagént can now also
be decomposed and defned in terms of the specifcation of itauigdaecision gen-
eration mechanisms. In patrticular, the goal generationhaigism can be specifed in
terms of agent’s observations and its mental state on thehand and its goals on
the other hand. The decision generation component can #nepdxifed in terms of
agent’s goals and mental state on the one hand and its decisiothe other hand.

For example, consider again the working agent that may hayimnciple many
goal sets consisting @ Work, Intime, Set Alarm, andIn formBoss. This implies
that the goal generation component may generate one ofplsséle goal sets. Using
the notions from goal based decision theory one may spdwfgoal generation mech-
anism in order to generates achievable goal sets which wlaemgd by the decision



generation component will result optimal decisions.

In summary, we believe that the qualitative normative denigheory and goal
based decision theory can be used to provide compositipeal&cation and design of
rational BO agents. This leads to a transparent agent seiciB@nd design structure.
Moreover, it leads to support for reuse and maintainabdftgomponents and generic
models. The compositional specifcation and design of agamable us to specify
and design agents at various levels of abstraction leavingr@ny details such as
representation issues and reasoning schemes. For outalaB® agents we did not
to explain how decisions are generated; we only specifed déwsions should be
generated. At one lower level we decomposed the reasonisganem and specifed
goal and decision generation mechanisms. We also did ratstithe representation of
individual components such as the belief or the obligatmmgonents. The conditional
rules in these components specify the input/output redatio

5 Reéated research

The theories in Thomason's BDP [11] and Broersen et al.’sB{2] are different,
because they allow multiple belief sets. This introducesréw problem of blocking
wishful thinking discussed extensively in [3].

6 Concludingremarks

In this paper we have given an interpretation for goals in aitptive decision theory
based on beliefs and obligation rules, and we have showrattygagent which makes
optimal decisions acts as if it is maximizing its achievedlgo

Our motivation comes from the analysis of goal-based agchites, which have
recently been introduced. However, the results of this papay be relevant for a
much wider audience. For example, Dennett argues that attahsystems can be
analyzed using concepts from folk psychology like beliefsljgations, and goals. Our
work may be used in the formal foundations of this ‘intenéibstance’ [5].

There are several topics for further research. The mostasting question is
whether belief and obligation rules are fundamental, ortivethey in turn can be
represented by some other construct. Other topics foréurgsearch are a generaliza-
tion of our representation theorem to other choices in oeoty the development of
an incremental approach to goals, and the development oputationally attractive
fragments of the logic, and heuristics of the optimizatiookpem.
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