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Abstract. In this paper we are interested in developing goal-based normative
agent architectures. We ask ourselves the question what a normative goal is. To
answer this question we introduce a qualitative normative decision theory based
on belief (B) and obligation (O) rules. We show that every agent which makes
optimal decisions — which we call a BO rational agent — astgit is maximizing

the set of normative goals that will be achieved. This is the basis of our design of
goal-based normative agents.

1 Introduction

Simon [26] interpreted goals as utility aspiration levels, in planning goals have a notion
of desirability as well as intentionality [14], and in the Belief-Desire-Intention or BDI
approach [6, 23] goals have been identified with desires. Moreover, recently several
approaches have been introduced to extend decision making and planning with goal
generation. For example, Thomason’s BDP logic [27] extends the BDI approach with
goal generation and planning, and Broers¢ml's BOID architecture [4] elaborates

on the goal generation mechanism for more general class of cognitive agents. But what
is this thing called goal? Although there are many uses of goals in planning and more
recently in agent theory, the ontological status of goals seems to have received little
attention.

In this paper we try to find out what a normative goal is by comparing normative
decision systems with knowledge-based systems in which decisions are considered to
be the result of planning of goals. Of course, such a comparison is complicated by the
fact that there are many different kinds of normative and knowledge-based systems. We
therefore restrict ourselves to the characterizations illustrated in Figure 1. This figure
should be read as follows. First, for our comparison normative systems are decison-
making agents which perform practical reasoning [29]. They can formally be described
by a reasoning mechanism based on (defeasible) deontic logic which describes the re-
lation between a set of belief®] including observations, a set of obligatiordg)( and
decisions or actions. If we replace the set of obligations by a set of degheshen
many qualitative decision theories such as [27,19] also fit this description. Second,
knowledge-based systems have as input a knowledge BaBg ihcluding observa-
tions and goals, and they have as output actions or plans. Knowledge-based systems
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have been advocated by Newell and Simon [22, 26] and have been implemented by for
example SOAR [17] and ACT [1]. Moreover, also more recent BDI systems like PRS
[15] fit this description. The main reasoning task of the knowledge-based system is
planning.

How can we compare these two kinds of decision making systems? First we unify
the beliefs with the knowledge base, because both represent the motivational attitude of
the system. Moreover, we unify decisions with actions and plans. The main problem is
the unification of the motivational attitude, the obligations (or, in other qualitative deci-
sion theories, the desires) and the goals. Rao and Georgeff [23] proposed, at a very high
level of abstraction, that desires and goals can be unified. However, this has been crit-
icized by several authors [16, 13, 10]. An argument against the latter unification is that
desires can conflict whereas goals in Rao and Georgeff's framework cannot. Another
argument is that goals may be adopted from another agent, whereas desires cannot be
adopted. Moreover, desires are more stable than goals [8].

Thomason [27] proposes a logical theory in which desires are a more primitive
concept than goals, in the sense that goals can be inferred from desires. Broersen et al.
[4] extend this argument to obligations and propose an architecture in which goals can
be inferred from desires, intentions and obligations and in which goal generation gets a
prominent place. For our comparison, we define goal generation as a theory with input
beliefs, observations and obligations, and as output goals. Now we can use the output of
goal generation as input for the knowledge-based system to infer decisions or actions.
The idea can be paraphrased by:

Goal-based decision making is goal generation plus goal-based planning

This decomposition of decision making in goal generation and planning raises sev-
eral questions, such as:

— How to represent beliefs? How to represent obligations? In this paper we represent
beliefs and obligations by rules, following the dominant tradition in deontic logic
(see e.g. [20, 21)).

— How to develop a normative decision theory based on belief and obligation rules?
In this paper we introduce a qualitative decision theory, based on belief (B) and
obligation (O) rules.



— How can this decision theory be decomposed into goal generation and goal-based
planning? How to define a notion of normative goals in this theory? In this paper,
we show how these questions can be answered for our qualitative decision theory.

Our main aim in this paper is not to convince the reader that this decision theory is
the best option available. It has the advantage that it is a simple theory, it is definitely not
the most advanced one. Our aim is to show how, given a decision theory, a distinction
can be made between goal generation and goal-based planning. The motivation of our
study is to give formal foundations for goal-based normative agent architectures, such
as the one depicted in Figure 2. This figure should be read as follows. The input of

goal-based normative agent
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Fig. 2. Goal-based agent

the system is an observation and its output is a decision. There are two components,
which we call goal generation and decision generation. Goal generation has a goal set
as its output, which is the input for decision generation. Decision generation is for
example the reasoner (or the planner) of the classic knowledge-based system depicted
in Figure 1. Decision making is based on two sets of rules, represented by components
B for belief rules andD for obligation rules. In particular, both goal generation and
decision generation use belief rules, but only goal generation uses obligation rules. This
represents that the motivational attitude encoded isitransformed by goal generation

in the goal set. In this paper, the difference between obligation rules and normative goal
set is that obligation rules are pairs of propositional formulas, whereas a goal set is a
set of propositional formulas, or (when we distinguish positive and negative goals) two
sets of propositional sentences.

Like classical decision theory, but in contrast to several proposals in the BDI ap-
proach [6, 23], the theory does not incorporate temporal reasoning and scheduling.

The layout of this paper is as follows. We first develop a normative logic of decision.
This logic tells us what the optimal decision is, but it does not tell us how to find this
optimal decision. We then consider the Al solution to this problem [26]: break down
the decision problem into goal generation and goal-based decisions.



2 A normative decision theory

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

2.1 Decision specification

The starting point of any theory of decision is a distinction between choices made by the
decision maker (flip a coin) and choices imposed on it by its environment (head or tail).
We therefore assume the two disjoint sets of propositional atbms{a, b, c, ...} (the
agent’s decision variables [18] or controllable propositions [3]) Bnhe- {p, q,,...}

(the world parameters or uncontrollable propositions). We write:

— La, Ly andL 4y for the propositional languages built up from these atoms in the
usual way, and, y, . ..for any sentences of these languages.

— Cny, Cnw andCnaw for the consequence sets, aady, =y and Eaw for
satisfiability, in any of these propositional logics.

— x = y for an ordered pair of propositional sentences called a rule.

A decision specification given in Definition 1 is a description of a decision problem.
It contains a set of belief and obligation rules, as well as a set of facts and an initial
decision (or prior intentions). A belief rule ‘the agent belieyesm contextx’ is an
ordered pairr = y with x € Law andy € Ly, and an obligation rule ‘the agent
oughty in contextx’ is an ordered pait = y with z € Loy andy € Law . Itimplies
that the agent’s beliefs are about the wortd=% p), and not about the agent’s decisions.
These beliefs can be about the effects of decisions made by the agent)as well as
beliefs about the effects of parameters set by the werld-(¢). Moreover, the agent’s
obligations can be about the world & p, obligation-to-be), but also about the agent’s
decisions £ = a, obligation-to-do). These obligations can be triggered by parameters
set by the world® = y) as well as by decisions made by the agent{ y).

The reason that we do exclude decision variables in the consequent of the belief
rules is that belief rules are assumed here to be not defeasible: a belief for decision
cannot be defeated by the decisiem. This condition can be relaxed in an extension of
the theory which incorporates defeasible belief rules.

Definition 1 (Decision specification)A decision specificationis atupleS = (F, B, O, dy)
that contains a consistent set of fadis C Ly, a finite set of belief ruled3 C
Law x Ly, a finite set of obligation rule® C Law x Law and an initial deci-
siondg C Ly.

2.2 Decisions

The belief rules are used to express the expected consequences of a decision, where
a decisiond is any subset of. 4 that implies the initial decisiomy, and the set of
expected consequences of this decigianthe belief extension of' U d, as defined in
Definition 2 below. Belief rules are interpreted as inference rules. We Wites) for

the R extension ofS.



Definition 2 (Extension).LetR C Law x Law be asetofrulesand C L,y aset
of sentences. The consequents ofSkagplicable rules are:

R(S)={y|lz=ye R,z S}
and theR extension ofS is the set of the consequents of the iterativelgpplicable
rules:
ERr(S) = Nscx,R(Cnaw (x)cxX
The following proposition shows thdi(.S) is the smallest superset 6f closed
under the rules? interpreted as inference rules.
Proposition 1 (Iteration). Let
- ER(S) =5 _
— EL(S) = EL 1 (S) U R(Cnaw (B '(S))) fori >0
We haveEr(S) = U E%L(S9).
Proof. Follows from analogous results in input/output logic.
The following proposition shows thdy(.5) is monotonic.
Proposition 2 (Monotonicity). We haveR(S) C R(SUT)andEg(S) C Er(SUT).
Proof. By definition.

Monotonicity is illustrated by the following example.

Example 1.Let R = {T = p,a = —p} andS = {a}, whereT stands for any tautol-
ogy likepV —p. We haveEr(S) = {a, p, ~p}, i.e. theR extension ofS is inconsistent.
We donot have that for example the specific rule overrides the more general one such
thatEr(S) = {a, —-p}.

We assume that a decision is an arbitrary subset of controllable propositions that
implies the initial decision and does not imply a contradiction in its belief consequences.

Definition 3 (Decisions).Let DS = (F, B, O, dy) be a decision specification. The set
of DS decisions is

A={d|dy CdC La,Ep(F Ud)is consisten}

When a decision implies, then we say that the agent makes decisipar that it
doesa. The following example illustrates decisions.

Example 2.Let A = {a,b,c}, W = {p,q,r} andDS = (F, B, 0, dy) with F = {p —

r}y, B={p=q¢,b= —qc=p}),0={{T =nrT=a,a= b} anddy = {a}.

The initial decisiond,, reflects that the agent has already decided in an earlier stage to
reach the obligatiom = «. Note that the consequents of &llrules are sentences of
Ly, whereas the antecedents of tBeules as well as the antecedents and consequents
of the O rules are sentences 6f,1,. We have due to the definition @& (S):

Ep(FU{a}) ={p —r,a}

EB(F U {a?b}) = {p —ra, b? ﬁq}

Ep(F U{a,c}) ={p—r,a,c,p,q}

Ep (F U {av b, C}) = {p —r,a,b,¢p,q, _‘Q}

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



2.3 Optimal decisions

Given the specification of a decision problem, Definition 3 indicates all possible deci-
sions that can be generated. In the following, we introduce a normative decision the-
ory, which determines the interpretation of the elements of the decision specification.
This normative decision theory imposes an ordering on possible decisions based on
the obligation rules and provides a way to identify optimal decisions. In particular, the
obligation rules are used to compare the decisions. There are various ways to com-
pare decisions based on the obligation rules. For example, one can compare decisions
by considering the obligation rules that are violated by them where an obligation rule
x = y is called to be violated by a decision if the belief consequences of the decision
imply z A —y. Another way to compare decisions is by considering the reached obliga-
tion rules where an obligation rule = y is called to be reached by a decision if the
belief consequences of the decision imply y. In this paper, we compare decisions by
considering the unreached obligation rules. An obligationrute y is unreached by a
decision if the belief consequences of the decision impligut noty. Note that the set

of unreached desires is a superset of the set of violated desires.

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

Uld)={z=y€O|Eg(FUd) =zandEg(FUd) }~ y}
Decisiond; is at least as good as decisiah, written asd; >y do, iff
U(d1) CU(dz)
Decisiond; dominates decisiod,, written asd; > ds, iff
dy >y dy anddy 2y dy
Decisiond; is as good as decisiafy, written asd; ~y da, iff
di >y do andds >y dy
The following continuation of Example 2 illustrates the comparison of decisions.

Example 3(Continued)We have:

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

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

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

We thus have that the decisiofis, 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 othén,ité. 2y {a,c} and

{av C} zU {av b}

The following proposition shows that the binary relatiog on decisions is transi-
tive and we can thus interpret it as a preference relation.



Proposition 3 (Transitivity). The binary relation>; is transitive.
Proof. Follows from transitivity of subset-relation.

A consequence of this normative decision theory is that the ordering of decisions is
influenced only by the subset of obligation rules which is disjoint with the set of belief
rules. The following proposition shows that obligations only matter as long as they are
different from beliefs.

Proposition 4 (Redundancy).LetDS = (F, B,0,dy) andDS’ = (F, B,O\ B, dy).
Then, for every paitd;, d2) of decisions fronD.S there exists a pai(d}, d,) from DS’
such thatd; >y ds iff df >y df.

Proof.

By Definition 3D.S and DS’ have the same set of decisions. ket> y € B and
x = y € OinbothDS and DS’. Then, Proposition 1 states thatife Eg(d U F)
then alsoy € Eg(dU F). Consequently, foDS and DS’ the rulex = y cannot be in
U(d) and thus this rule cannot change the ordering relatioi§ or D.S".

The decision theory prescribes an economic rational decision maker to select the
optimal or best decision, which is defined as a decision that is not dominated.

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

The following example illustrates optimal decisions.

Example 4.Let A = {a,b}, W = 0 andDS = (0,0, {a = b}, D). We have:

U(d) = {a = b} if d Eaw aandd £ aw b, U(d) = () otherwise

The U-optimal decisions are the decisiahthat either do not imply: or that imply
a N b.

The following proposition shows that for each decision specification, there is at least
one optimal decision. This is important, because it guarantees that agents can always
act in some way.

Proposition 5 (Existence).Let DS be a decision specification. There is at least one
U-optimal D.S decision.

Proof. Since the fact$’ are consistent, there exists at least one DS decision. Since the
set of desire rules is finite there do not exist infinite ascending chainrg/ifand thus
there is an U-optimal decision.

For a given decision specification, there may be more than one optimal decisions.
Therefore, we introduce an alternative to our notion of optimality by adding minimality
in the definition of optimal decisions. The following Definition 6 introduces a distinc-
tion between smaller and larger decisions. A smaller decision implies that the agent
commits itself to less choices. A minimal optimal decision is an optimal decision such
that there is no smaller optimal decision.



Definition 6 (Minimal optimal decision). A decisiond is a minimal U-optimalD .S
decision iff it is an U-optimalD S decision and there is no U-optim&lS decisiond’
such thatd = d’ andd’ }~ d.

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

Example 5.Let DS = (F, B,O,dp) with F =, B={a = z,b = 2},0 ={T =
x}, do = ). Optimal decisions ar¢a}, {b} and{a, b}, of which only the former two
are minimal.

The following proposition illustrates in what sense a decision theory based on opti-
mal decisions and one based on minimal optimal decisions are different.

Proposition 6 (Minimality). There is an U-optimaD.S decisiond, such that there is
no minimal U-optimalD.S decisiond’ withd ~; d'.

Proof. Consider the decision specification in Examplel4§ = (0,0, {a = b},0).
The unique minimal U-optimal decisionds = (. The decisionls = {a, b} is also
U-optimal, but we do not hawé~ d’.

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

Example 6.Let A = {a}, W = @ andDS = (0,0,{T = a},0). We haveU () =
{T = a} andU({a}) = 0. Hence, doing: is better than doing nothing.

The notions U-optimality and minimal U-optimality, which are in fact properties of
decisions, can be used to characterize the type of decision making rational agents. We
define two types of rational agents.

Definition 7. A BO rational agent is an agent that, confronted with a decision spec-
ification DS, selects an U-optimaDS decision. A BO parsimoneous agent is a BO
rational agent that selects a minimal U-optim@lS decision.

The logic of belief rules employed in this paper has been called simple-minded
output (to be precise, it has been calied?) in input/output logics [20]. The following
example illustrates one of its drawbacks. In Savage’s terminology [24], the agent does
not obey the sure-thing principle.

Example 7.Let A = {a}, W = {p} andDS = (0,0,{p = a,—p = a},0). Any
decision is an optimal decision. There is no preference for dec{sipnlf p holds then
a is obliged, and ip is false theru is obliged. However, the agent cannot infer tha
the optimal decision.

However, in this paper we no longer consider the particular properties of the logic
of rules and the logic of decision we have proposed thus far, but we turn to the notion
of goals. This concept is introduced in the following section.



3 Goal-based normative decision theory

In the previous section, we have explained possible decisiod3(fagents, in the
sense of Definition 7, and introduced U-optimal property of decisions. In this section,
we show that evenyBO rational agent can be understood as a goal-based agent [22].
This is done by assuming the decisions dB& agent to be the result of planning of
some of its goals. These goals are in turn assumed to be generated by a goal generation
mechanism. The question we like to answer is what are the properties of goals such
that, when they are planned based on the belief rules, they result U-optimal decisions.
In particular, we aim to define a characterization of goals such that the decisions that
achieve those goals are U-optimal decisions and vice versa, i.e. U-optimal decisions are
decisions that generate those goals. This demand is what we will call "representation
theorem”.

3.1 Goal-based optimal decisions

Goal-based decisions in Definition 8 combine decisions in Definition 3 and the notion of
goal, which is a set of propositional sentences. Note that a goal set can contain decision
variables (which we call to-do goals) as well as parameters (which we call to-be goals).

Definition 8 (Goal-based decision)Let D.S = (F, B, O, dy) be a decision specifica-
tion and the goal seG C Ly a set of sentences. A decisidns a G decision iff
EB(FUd) ):AW G.

How to define a goal set for a decision specification? We are looking for godksets
which have the desirable property that@lidecisions are optimal. One way to start is
to consider all derivable goals from an initial decision amdaximalset of obligations.

Definition 9 (Derivable goal set)LetDS = (F, B, O, dy) be a decision specification.
A set of formulags C L 4w is a derivable goal set ab.S iff

G = Epuor (F U do) \ CTLAw(EB(F U do))
whereO’ C O is amaximal(with respect to set inclusion) set such that

1. Epuor(F Udy) is consistent and
2. there is aD.S decisiond that is aG decision.

However, the following proposition shows that for some derivable goalrseiot
all G decisions are U-optimal.

Proposition 7 (U-optimal G decision).For a derivable goal setr of DS, aG decision
does not have to be an U-optimal decision.

Proof. Reconsider the decision specification in Exampl®8,= (0,0, {a = b}, ().
The derivable goal set i§ = (). The decisionl = {a} is a G decision, but it is not
U-optimal.



The following proposition shows that the former proposition also holds if we restrict
ourselves to minimal optimal decisions.

Proposition 8 (Minimal G decision). For a derivable goal set; of DS, a minimalG
decision does not have to be an U-optimal decision.

Proof. Consider the decision specificatidnS = (), {a = p},{T = p,a = b},0).
The setG = {p} is the only derivable goal set (based M = {T = p,a = b}). The
DS decisionsi; = {a} is a minimalG decision, but onlyls = {a,b} is an U-optimal
decisiond, is also aG decision.

Finally, the following proposition shows that there are also derivable goalets
such that there exist n@ decision at all.

Proposition 9 (Existence).For a derivable goal set of D.S,G decisions do not have
to exist.

Proof. Consider the decision specificati@hS = (0,0, {T = p}, D). The setG = {p}
is the only derivable goal set (based i = {T = p}). However, the onlyDS
decisions isl = () and G is not ad decision.

Given this variety of problems, we do not try to repair the notion of derivable goal
set. Instead, we define goals with respect to an optimal decision.

Definition 10 (Achievable goal set)Let DS = (F, B, 0, d,) be a decision specifi-
cation. A set of formulag; C Lw is an achievable goal set d$ iff there is an
U-optimal DS decisiond such that

G={zNy|z=ye O Epso(FUd) Eaw z Ay}
where
O ={r=yecO|Eg(FUd) Eaw zor Eg(FUd) Eaw = Ay}

Note that the obligation rules i@’ are those rules fron® that are satisfied (i.e.
reached) by the U-optimal decisiah The additional application of these rules in
Epyuor (F Ud) will not effect the consequences of U-optimal decisioiThis results in
the following simpler proposition.

Proposition 10 (Achievable goal set)Let DS = (F, B, O, dy) be a decision speci-
fication. A set of formulas’ C L4y is an achievable goal set @S iff there is an
U-optimal DS decisiond such that

G={zAy|lz=y€O,Eg(FUd) Faw ANy}

Proof. Follows directly fromE g o/ (F U d) = Eg(F U d), whereO’ is as defined in
Definition 10.

The following two properties show that the notion of achievable goal set is not
an enough characterization of goals such that the representation theorem cannot be
proven. In particular, the following proposition shows that we can define one half of the
representation theorem for achievable goal sets.



Proposition 11. For an U-optimal decisionl of DS there is an achievable goal sét
of DS such thatd is a G decision.

Proof. Follows directly fromEg o/ (FUd) = Eg(F Ud).

However, the following proposition shows that the other half of the representation
theorem still fails.

Proposition 12. For an achievable goal s&t of D.S, a G decision does not have to be
an U-optimal decision.

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

The counterexample in Proposition 12 also shows that we cannot prove the second
half of the representation theorem, because we only consider positive goals (states the
agent wants to reach) and not negative goals (states the agents wants to evade). The
theory is extended with positive and negative goals in the following subsection.

3.2 Positive and negative goals

In this section we show that the representation theorem works both ways if we add
negative goals, which are defined in the following definition as states the agent has to
avoid. They function as constraints on the search process of goal-based decisions.

Definition 11 (Goal-based decision)LetDS = (F, B, O, d,) be a decision specifica-
tion, and the so-called positive goal s&t™ and negative goal s&¥~ subsets of. 4yy-.
Adecisiondis a (G*,G~) decision iffEp(F Ud) Eaw G and for eachy € G~ we
haveEB(F U d) I#AW g.

Based on this definition of goal decision, we can extend the definition of achievable
goal set with negative goals.

Definition 12 (Positive and negative achievable goal setlet DS = (F, B, O, dy)
be a decision specification. The two sets of form@ds G~ C L 4y are respectively
a positive and negative achievable goal set®df iff there is an optimalD S decision
d such that

Gt ={zANy|z=yc O, Eg(FUd) Faw v Ay}

G™ ={z|r=yec O, Epyo(FUd) Faw z}

where

O’:{x¢y€O|EB(FUd) I#AwlCOYEB(FUd) ':wa/\y}



For (G, G~) decisions, we consider minimal optimal decisions. The following
example illustrates the distinction between optirfi@l™, G~) decisions and minimal
optimal (G*, G~) decisions.

Example 8.Let A = {a,b}, W = 0 andDS = (0,0, {a = b},0). The optimal deci-
sion isf) or {a, b}, and the related goal sets @&, G~) = (0, {a}) and(GT,G~) =
({a A b}, 0). The only minimal optimal decision is the former.

The following example illustrates a conflict.

Example 9.Let W = {p}, A = {a}, DS = (F,B,0,dy) with F = (, B = {),
O ={T = aAp T = —a}, dy = 0. We have optimal decisiofi—a} with goal
set(GT,G) = ({—a},0). The decision{a} does not derive goal séG*,G~) =
({a A p}, D). One of the possible choices{s}, which is however sub-optimal since
we cannot guarantee that the first obligation is reached.

The following two propositions show tha&:*, G~) goal set is the right character-
ization of goals such that the representation theorem can be proven. The first part of the
representation theorem is analogous to Proposition 11.

Proposition 13. For an U-optimal decision! of DS there is an achievable goal set
(G*,G7) of DS such thatdis a (G*, G~) decision.

Proof. See Proposition 11.

In contrast to achievable goal g8 the second part of the representation theorem
can be proven fo{G*, G~) goal set.

Proposition 14. For an achievable goal sétG+,G™) of DS, a (G, G™) decision is
an U-optimal decision.

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

- EB(FUd/) l?éAW HAVANTH
- Ep(FUd) Faw us

However, the first option is not possible due to the negative goals and the second option
is not possible due to the positive goals. Contradiction] sas to be U-optimal.

The representation theorem is a combination of Proposition 13 and 14.

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.

The following example illustrates uncertainty about the world.



Example 10.Let DS = (F, B, 0, dy) with B = {a = ¢} andO = {T = p,p = q}.
We have two optimal decisiong; = @) andds = {a}, with corresponding achievable
goal set§G*,G~) = (0, {p}) and goakG*,G~) = ({p,¢},0) G = {p, ¢}. We may
select{a} whereas we do not know whethewill be the case. If we are pessimistic,
we assume will be false. There is no reason to do}.

The following example illustrates side effects from actions.

Example 11.Let DS = (F, B,0,dy) with B = {a = p,a = ¢} andO = {T =
p, T = —q}. We have two optimal decision$); = () andds = {a}, with correspond-
ing achievable goal set&7",G~) = (0, {p, ~¢}) and goal(G*,G~) = ({p,q},0)
G = {p,q}. a implies a desired proposition, but it also violates another desire.

The following example illustrates a zig zag.

Example 12.Let DS = (F, B,0,dy) with B = {a; = p; | i = 0,1,2,3,...} and
O={T=p}U{a;=p+1]i=0,1,2,3,...}.
Gy = {po}
do = {po, ao}
G;r = {p07a07p1}
di = {p07a07p17a1}

We can continue to construct new goals and new decisions due to side effects of
actions.

4 Agent specification and design

In this section we discuss how the proposed qualitative normative decision and goal
theory can be used to guide the design and specification of rational BO agents in a
compositional way. The general idea of compositional design and specification is to
build agents using components. They may be either primitive components or composed
of other components, such that the specification of agents can be broken down into the
specification of components and their relations. Here we give some preliminary ideas
and explain how the proposed qualitative normative decision and goal theory supports
a specific compositional design for rational BO agent.

The qualitative decision theory, as proposed in section 2, specifies the decision mak-
ing of an agent in terms of its observations and its mental attitudes such as beliefs and
obligations. The specified agent can therefore be considered as consisting of compo-
nents that represent agent’s beliefs and obligations and a reasoning component that
generates agent’s decisions based on its observations and mental attitudes. The abstract
design of such a BO agent is illustrated in Figure 1 and copied in Figure 3. For this de-
sign of BO agents, notions such as optimal decisions and minimal optimal decisions can
be used to specify the reasoning component and thus the decision making mechanism
of the agent.

The following example illustrates an agent with certain beliefs and obligations, the
possible decisions that the agent can make, and how the notions from qualitative nor-
mative decision theory can be used to specify the subset of decisions that the agent can
make.
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Example 13.Consider an agent who believes that he works and that if he sets an alarm
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 work and he has to inform his
boss when he does not work, i.e.

O = {Work = InTime, ~Work = InformBoss

In this example, the propositions SetAlarm and InformBoss are assumed to be decision
variables (the agent has control on setting the alarm clock and informing his boss),
while Work and Intime are assumed to be world parameters (the agent has no control
on its working status and the starting time). Moreover, we assume that the agent has
no observation and no intentions. One can specify the agent as a rational BO agent in
the sense that it makes optimal decisions. Being specified as a rational BO agent, he
will decide to use the alarm clock though he has in principle many possible decisions
including, {SetAlarm}, {InformBosg, and{SetAlarm InformBosg.

The goal-based decision theory, as proposed in section 3, explains the decision mak-
ing of a rational BO agent as if it aims at maximizing achieved normative goals. In
particular, the goal-based decision theory explains how normative goals of an agent can
be specified based on its decision specification. The specified reasoning component of
the rational BO agent can therefore be decomposed and designed as consisting of two
reasoning components: one which generates normative goals and one which generate
decisions to achieve those goals. This decomposition suggests an agent design as illus-
trated in Figure 2 and copied in Figure 4. According to this agent design, a BO agent
generates first its normative goals based on its observation, its beliefs, obligations and
its intentions. The generated goals are subsequently the input of the decision generation
component.

Following the design decomposition, the specification of a BO agent can now also
be decomposed and defined in terms of the specification of its goal and decision gen-
eration mechanisms. In particular, the goal generation mechanism can be specified in
terms of agent’s observations and its mental state on the one hand and its goals on the
other hand. The decision generation component can then be specified in terms of agent’s
goals and mental state on the one hand and its decisions on the other hand.
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For example, consider again the working agent that may have in principle many goal
sets consisting df, Work, Intime, SetAlarm and InformBoss. This implies that the goal
generation component may generate one of these possible goal sets. Using the notions
from goal-based decision theory one may specify the goal generation mechanism in
order to generates achievable goal sets which when planned by the decision generation
component will result optimal decisions.

In summary, we believe that the qualitative normative decision theory and goal-
based decision theory can be used to provide compositional specification and design of
rational BO agents. This leads to a transparent agent specification and design structure.
Moreover, it leads to support for reuse and maintainability of components and generic
models. The compositional specification and design of agents enable us to specify and
design agents at various levels of abstraction leaving out many details such as represen-
tation issues and reasoning schemes. For our rational BO agents we did not to explain
how decisions are generated; we only specified what decisions should be generated. At
one lower level we decomposed the reasoning mechanism and specified goal and deci-
sion generation mechanisms. We also did not discuss the representation of individual
components such as the belief or the obligation components. The conditional rules in
these components specify the input/output relation.

5 Further research

A distinction has been made between goal generating norms and action filtering norms
(Castelfranchi and Conte, personal communication). It is an open problem whether
these two kinds of norms can be formalized by our decision theory. It seems that obliga-
tion rules are only used to generate goals, and we therefore need another type of norms
which filters actions. However, ought-to-do norms (i.e. obligations with a deicison vari-
able in the head) seem to act as or that we

In this paper we have restricted our discussion to beliefs and obligations, and the
question can be raised how the decision theory can be extended with desires and inten-
tion, i.e. to the full BOID.



Moreover, we have restricted our analysis to a single autonomous agent. However,
norms become useful in particular when several agents are considered in a multi agent
system. We have made some preliminary observations based on a qualitative game the-
oryin[11,9].

We have not specified any details of the obligation rules. For example, whether there
are any sanctionr related to the norms [2].

6 Related research

We draw inspiration from Savage’s classical decision theory [24]. The popularity of this
theory is due to the fact that Savage shows that a rational decision maker, which satisfies
some innocent looking properties, aefsifit is maximizing its expected utility func-

tion. This is called a representation theorem. In other words, Savage does not assume
that an agent has a utility function and probability distribution which the agent uses to
make decisions. However, he shows that if an agent bases his decisions on preferences
and some properties of these preferences, then we can assume that the agent bases his
decisions on these utilities and probabilities together with the decision rule which max-
imizes its expected utility. The main advantage is that Savage does not have to explain
what a utility functionis, an ontological problem which had haunted decision theory

for ages.

Likewise, we want to develop a qualitative normative decision theory in which a
normative agent acts ifit is trying to maximize achieved normative goals. This is what
we call a goal-based representation theorem. It implies that agents can be formalized or
verified as goal-based reasoners even when the agent does not reason with goals at all. In
other words, goal-based representations do not have to be descriptive. A consequence of
this indirect definition of goals is that the theory tells us what a goaluch that we do
not have to explain its ontological status separately. We call an agent which minimizes
its unreached obligations a BO rational agent, and we define goals as a set of formulas
which can be derived by beliefs and obligations in a certain way. Our central result
thus says thaBO rational agents act as if they maximize the set of goals that will be
achieved

The theories in Thomason’s BDP [27] and Broersen et al.'s BOID [4] are different,
because they allow multiple belief sets. This introduces the new problem of blocking
wishful thinking discussed extensively in [5].

Conte and Dignum [7] argue that, if you are speaking of normative agents as systems
that somehow ‘process’ norms and decide upon them, then they must first form believe
about those norms, whether they then adopt the norms or not. We believe that this is not
incompatible with the approach advocated in this paper. However, in our general theory
we do not want to commit ourselves to this particular view on norms. Our theory can
also be applied, for example, to the game-theoretic notion of norms as advocated by for
example [25].

In earlier work such as [28] we used the set of violated and reached obligations to
order states, in the sense that we minimized violations and maximized reached obliga-
tions. The present definition has the advantage that it is simpler because it is based on
a single minimization process only. Note that in the present circumstances we cannot



minimize violations only, because it would lead to the counterintuitive situation that the
minimal decisiond = dj is always optimal.

7 Concluding remarks

In this paper we have given an interpretation for goals in a qualitative decision theory
based on beliefs and obligation rules, and we have shown that any agent which makes
optimal decisions acts as if it is maximizing its achieved goals.

Our motivation comes from the analysis of goal-based architectures, which have
recently been introduced. However, the results of this paper may be relevant for a much
wider audience. For example, Dennett argues that automated systems can be analyzed
using concepts from folk psychology like beliefs, obligations, and goals. Our work may
be used in the formal foundations of this ‘intentional stance’ [12].

There are several topics for further research. The most interesting question is whether
belief and obligation rules are fundamental, or whether they in turn can be represented
by some other construct. Other topics for further research are a generalization of our
representation theorem to other choices in our theory, the development of an incremen-
tal approach to goals, and the development of computationally attractive fragments of
the logic, and heuristics of the optimization problem.
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