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Abstract. In this paper we further develop the formal theory of inten-
tions suggested by C. Baral and M. Gelfond in 2005. In this work the au-
thors formalized the behavior of an agent intending to execute a sequence
of actions. The resulting axioms for intentions written in Knowledge Rep-
resentation language Answer Set Prolog allowed to easily express such
properties of intentions as persistence and non-procrastination. This pa-
per expands this work to allow reasoning with intentions in the presence
of unexpected observations, and intentions to achieve goals. The theory
is formulated in the extension of Answer Set Prolog, called CR-Prolog.

1 Introduction and Motivation

The paper is a contribution to the line of research aimed at developing theories
of commonsense reasoning and acting in a changing environment. In particu-
lar we are interested in better understanding the mental attitudes of an agent,
their relations with the physical world and with the agent’s observations and ac-
tions. The subject has been of great interest to researchers in philosophy, logic,
artificial intelligence and other areas for some time. There is a large body of
literature addressing it from various perspectives. Some researchers concentrate
on conceptualization — structuring the world in terms of some basic concepts or
abstractions, clarifying the meaning of these concepts and studying their prop-
erties. The goal of this research is to better understand fundamental notions
we use to think about the world such as beliefs, knowledge, defaults, causality,
intentions, probability, etc., and to learn how one ought to use them for rational
reasoning and acting. Others put their main efforts into building agents – entities
which observe and act upon an environment and direct their activities towards
achieving goals. This work led to a number of approaches to agent architec-
ture which differ by underlying assumptions about properties of the domain and
agent’s tasks, languages used to represent the agent’s knowledge, algorithms for
solving different agent tasks such as planning, diagnostics, etc., and organization
of the overall behavior of the agent. Even though both directions of research are
closely interrelated there still is a substantial gap between them. This paper be-
longs to the growing number of works which attempt to combine achievements
of both approaches. From the former we borrow the insight on the primary role
of intentions for understanding the behavior of rational agents. The later gave us
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a well developed AAA agent architecture (see, for instance, [1]), which assumes
that the world can be viewed as a discrete dynamic system, models the agent’s
knowledge and reasoning methods in knowledge representation languages based
on the answer set semantics [13], and organizes the agent’s behavior by a simple
observe-think-act loop.

As our own contribution we further develop the formal theory of intentions
suggested in [7] and use the theory to improve the observe-think-act loop of AAA
architecture. In [7] the authors formalized the behavior of an agent intending to
execute a sequence of actions. The resulting axioms for intentions written in
Answer Set Prolog allowed to easily express such properties of intentions as
persistence and non-procrastination1. The theory has been used for question
answering from natural language [16], for activity recognition [10] and other
intelligent tasks. In many situations however viewing intention as a relation
between an agent and a sequence of actions can be an oversimplification. For
instance, the sequence of actions α intended for execution by an agent can be a
plan for achieving a certain goal. If the goal were to be unexpectedly achieved
thanks to some outside events it would be natural for an intelligent agent to stop
persisting in his intention to complete the execution of α. Similarly, if the agent
discovers that, due to the changed state of the world, completion of α did not
lead to the achievement of his goal it will be rational to either try to find another
plan or stop trying to achieve the goal all together. The following example, used
throughout the paper, contain scenarios illustrating such behavior.

Example 1. [Bob meeting John]
Consider a row of four rooms, r1,r2,r3,r4 connected by doorways, such that an
agent may move along the row from one room to the next. We say that two
people meet if they are located in the same room. Assume that initially our
agent Bob is in r1 and he intends to meet with John who, as Bob knows, is
in r3. This type of intention is frequently referred to as an intention to achieve
the goal. Bob’s knowledge of the domain allows him to design a simple plan to
achieve this goal: move from r1 to r2 and then to r3. To fulfill his intention of
meeting John Bob intends to execute the planned activity. If John remains in r3
then, after the plan intended by Bob is executed, he and John will meet. Now
suppose that, as Bob is moving from r1 to r2, John moves from r3 to r2. In this
case it will be rational for Bob to recognize the unexpected achievement of his
goal and not continue moving to r3. Suppose now that Bob moved from r1 to
r2 and then to r3, but John was not there. Bob must recognize that his plan
failed. Further analysis however should allow Bob to conclude that, while he
was executing his plan, John must have moved to r4. Since Bob is committed
to achieving his goal, his intention to meet John persists, and Bob will come up
with a new plan to meet John. With this new plan Bob will form and execute
a new intended activity designed for this purpose (in our case simply move to
1 We say that the agent does not procrastinate if he executes his intended actions the

moment it becomes possible to do so. The agent is persistent in his intentions if he
normally intends to perform an action even after the failure to do so. (for discussion
of these properties see for instance [28]).
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room r4). During the execution of his plan, Bob may abandon his intention to
meet John in favor of achieving some other higher priority goal.

The theory from [7] is not sufficient for modeling this type of goal-oriented rea-
soning. In this paper we present theory I of intentions, which simplifies [7] and
expands it by including both, intentions to achieve goals and intentions to execute
activities. The former establishes a relationship between beliefs and intentions of
the agent with his planning process. The latter includes reasoning with unexpected
observations and situations requiring replanning or abandoning the intention. To
achieve this we substantially modify the old theory. First we expand the notion
of what is intended from action sequences to goals and activities defined as a plan
aimed at achieving a goal. Second we expand the notion of a state of the domain
by combining the physical state of the environment with the mental state of the
agent. In the new theory the persistence axiom for intentions becomes a simple
special case of the inertia axiom from [21]. The theory is formulated in the exten-
sion of Answer Set Prolog, called CR-Prolog [4]. The CR-Prolog inference engine
crmodels [2] allows automatization of fairly subtle reasoning with intentions (in-
cluding that discussed in Example 1). We believe that our approach allows to
better understand properties of intentions — especially a classical problem of
the relationship between agent’s beliefs, intentions, and actions. The new theory
can be used for specifying and reasoning about agents. It can also become a part
of agent’s architecture and be used by an agent to achieve its goals. Of course
more needs to be done to fully incorporate these ideas into the AAA agent ar-
chitecture. In particular we need to adopt our approach to agents with multiple,
possibly prioritized, goals; design more efficient incremental inference engines for
CR-Prolog which will be tailored toward consecutive calls with slightly expand-
ing input knowledge bases, etc. But all this and more will, hopefully, be subject
of future work. In the next section we will give a simple formalization of the dy-
namic domain from Example 1 in answer set programming (ASP) [20, 23, 5], and
use it to provide the reader with the background necessary for understanding
the AAA agent architecture. Section 3 contains precise description of the basic
concepts and axioms of our theory I of intentions. The axioms are illustrated
by reasoning about scenarios from Example 1. To simplify the presentation the
material is divided into several parts describing different features of the theory.
We conclude by the short discussion of related work.

2 The Background

We start with a brief description of a methodology for building agents [6] based
on answer set programming (ASP) [20, 23]. In this approach, the reasoning and
acting agents (referred to as ASP agents) view the world as a discrete dynamic
system with a transition diagram whose nodes correspond to physically possible
states of the system and whose arcs are labeled by actions. A transition 〈σ, a, σ′〉
indicates that the execution of action a in a state σ may move the system to
state σ′. Thus paths of the transition diagram correspond to possible trajectories
of the system.
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In addition to actions such a system normally includes a number of objects
of different sorts (e.g. people, areas, etc.) and relations between them (usually
called fluents). The transition diagram of a discrete dynamic system is normally
given by a collection of axioms of some action language [14], referred to as a
system description. Axioms are later translated into their logic programming
counterparts. The translations for different languages are well understood, so
to limit the amount of background material needed to understand this paper
we assume that a dynamic system that the agent uses to model its domain
is represented directly in logic programming. We use the following example to
clarify the details of such a representation. (We mostly follow the approach from
[3] and [12] which contain logic programming rules corresponding to system
descriptions of our favorite action language AL.)

Example 2. [Bob’s World]
Let us consider a formalization of Bob’s world from Example 1. The world has
two agents and four rooms which will be represented as follows:

agent(b). agent(j). room(1..4).

The next four rules define connectivity between rooms. We use possibly indexed
variables A and R to range over agents and rooms respectively.

connected(1, 2). connected(2, 3). connected(3, 4).
connected(R1, R2)← connected(R2, R1).

To reason about trajectories of the system we need names for steps of such
trajectories, defined as:

step(0..n).

Constant n indicates maximum length of a trajectory. In what follows we use
possibly indexed variable I to range over steps. We also include the following
rules describing Bob’s physical actions, exogenous actions (i.e. actions not per-
formed by Bob), and and fluents (relevant properties of the domain).

physical action(move(b, R1, R2))← connected(R1, R2).
exogenous action(move(j, R1, R2))← connected(R1, R2).

f luent(in(A,R), inertial).
f luent(meet(b, j), defined).

The first fluent, which holds if agent A is located in room R, is subject to the rule
of inertia which says that things normally stay as they are. The use of inertia for
representing effects of actions was first suggested in [21]. The ease of representing
such defaults in Answer Set Prolog made possible a simple formalization of this
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idea by the rules:

holds(F, I + 1)← holds(F, I),
not ¬holdsF, I + 1),
I < n,
fluent(F, inertial).

¬holds(F, I + 1)← ¬holds(F, I),
not holds(F, I + 1),
I < n,
fluent(F, inertial).

(1)

(Note that we are only numbering general, domain independent rules of our
program.) Let us recall that in Answer Set Prolog ¬ represents so called strong
or classical negation, i.e. ¬p is read as “p is false”; the second negation, not is a
non-monotonic default negation. Statement not p means that the agent has no
reason to believe that p is true. Under this reading (captured by the Answer Set
Semantics of logic programs) the first inertia axiom simply says that the agent
must assume that F is true at I + 1 if F is true at I and there is no reason to
believe that F is false at I + 1. The second fluent, meet(b, j), holds at step I iff
at that step both, b and j, are located in the same room. In our language this
will be expressed by the rules:

holds(meet(b, j), I) ← holds(in(b, R), I),
holds(in(j, R), I).

¬holds(meet(b, j), I)← not holds(meet(b, j), I).

In general, the second rule is subsumed by the Closed World Assumption (CWA)
[26] for defined fluents given by:

¬holds(F, I)← fluent(F, defined),
not holds(F, I). (2)

We will also have the following descriptions of the direct effects of actions,

holds(in(A,R2), I + 1)← occurs(move(A,R1, R2), I).

state constraints, describing relationship between fluents,

¬holds(in(A,R2), I)← holds(in(A,R1), I),
R1 6= R2.

and executability conditions.

¬occurs(move(A,R1, R2), I) ← ¬holds(in(A,R1), I).
¬occurs(move(A1, R1, R2), I)← occurs(move(A2, R1, R2), I),

A1 6= A2.
¬occurs(move(A1, R1, R2), I)← occurs(move(A2, R2, R1), I).
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The last two rules indicate that only one person can go through a door at a time.
Finally, for a later discussion, we need the following rules describing exogenous
action delay that prevents an agent from moving:

exogenous action(delay(A)).

¬occurs(move(A,R1, R2), I)← occurs(delay(A), I).

Let us denote the resulting program by Πn. If n = 1 then we simply write Π. If
σ is a collection of fluent literals (i.e. fluents and their negations) then

holds(σ, I) = {holds(f, I) : f ∈ σ} ∪ {¬holds(f, I) : ¬f ∈ σ}.

If a is a collection of elementary actions then

occurs(a, I) = {occurs(e, I) : e ∈ a},

and finally
Π(σ, a) = Π ∪ holds(σ, 0) ∪ occurs(a, 0).

A collection σ of fluent literals is a state of a transition diagram T defined by Π
if for every inertial fluent f either f or ¬f is in σ, a defined fluent is in σ iff it
satisfies its definition (in our case meet(b, j) ∈ σ iff there is some room r such
that in(b, r), in(j, r) ∈ σ) and σ satisfies the state constraints of the program (in
our case an agent cannot be located in more than one room). A triple 〈σ, a, σ′〉
is a transition of T if σ is a state and there is an answer set S of Π(σ, a) such
that f ∈ σ′ iff holds(f, 1) ∈ S and ¬f ∈ σ′ iff ¬holds(f, 1) ∈ S. It is not difficult
to show that σ′ is a state of T . We hope that this brief description is sufficient
to understand how transition diagrams can be defined by logic programs. For
more accurate and general definitions of AL with defined fluents consult [12].

In addition to the system description given by a logic program the agent’s
memory contains the system’s recorded history – the record of execution of all
the actions performed by the agent together with a collection of truth values of
fluents and occurrences of exogenous actions observed by the agent up to the
current step j of the system’s trajectory. The history is recorded using two new
relations obs and hpd; obs(F, V, I) is true if at step I fluent F was observed to
have truth value V ; hpd(E, I) is true if an event E was observed to have happened
at I. (Names different from holds and occurs are used to indicate that unlike the
latter these statements can not be falsified by new information.) For instance,
Bob’s initial situation from Example 1 wrt the physical domain would contain
the following statements describing Bob and John’s initial positions:

{obs(in(b, 1), true, 0), obs(in(j, 3), true, 0)}.

To be able to reason about history of the system we need to expand our program
Πn by the following axioms. The next four axioms are a new version of the
Reality Check from [3]. They ensure that observations do not contradict the
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agent’s expectations. The first two of these have the form of Answer Set Prolog
constraints (rules with empty heads), and are encoded by:

← obs(F, false, I),
holds(F, I),
current step(I1),
I < I1.

← obs(F, true, I),
¬holds(F, I).
current step(I1),
I < I1.

(3)

They establish consistency of observations and expectations for the past history
of the agent2. The first says that for every step I in the past and any fluent F , it
is impossible to predict that F is true and to observe that it is false. (Similarly
for the second rule.) The next two axioms

inconsistent obs(F, false, I)← obs(F, false, I),
holds(F, I).

inconsistent obs(F, true, I) ← obs(F, true, I),
¬holds(F, I).

(4)

are new. They define relation inconsistent obs(F, V, I) which is true when the
observations made at the current step are inconsistent with expectations. Axioms
3 and 4 are important for diagnostics. The three remaining axioms are auxiliary.

occurs(E, I) ← hpd(E, I).
holds(F, 0) ← obs(F, true, 0).
¬holds(F, 0)← obs(F, false, 0).

(5)

(We use possibly indexed variables E to range over all actions.)
A history H of length j, where j ≤ n, recorded by the agent defines a collection
of models – trajectories of length j believed by the ASP agent to be possible
pasts of the system. This framework allows to accurately define the notions
of plan and diagnosis and reduce planning, diagnostics, and other reasoning
tasks of the agent to computing answer sets of logic programs. The background
knowledge introduced in this section will be used in conjunction with the theory
of intentions we proceed to develop in the rest of the paper.

3 Theory of Intentions

In this section we introduce a new theory I of intentions. The basic notions of our
theory are that of goal and activity. An activity can be viewed as a pair consisting
of a goal and a plan for achieving it. An activity can be decomposed into sub-
activities, until at the bottom where we find elementary (or atomic) actions. For
2 In addition to these axioms [3] contained similar axioms for the current step.
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simplicity of presentation we assume that the goal consists of a single fluent,
that all activities are performed by a single designated agent, and that fluents
that can serve as goals of this agent are stored in the system description using
relation possible goal. A description of an activity will include its goal, plan –
described by a sequence of components, and length. Here is an example:

Example 3. [Bob’s Activity]
Consider Bob’s world from Example 2. Bob’s activity, m, will be represented as:

activity(m).
goal(m,meet(b, j)).
component(m, 1,move(b, r1, r2)).
component(m, 2,move(b, r2, r3)).
length(m, 2).

Here goal(M,F ) holds if F is a fluent which is the goal of activity M and
component(M,K,C) holds if C (elementary action or another activity) is the
K’th component of the M ’s plan; length is the number of the activity compo-
nents. Note that indexing of components starts with 1.

Our theory of intentions is perhaps best understood in the context of the
observe-think-act loop of the AAA architecture. An action of selecting a goal
(performed by an agent or an outside controller) is recorded in the agent’s his-
tory. The agent will use the theory of intentions together with the background
information to find a plan to achieve this goal, and to form the intention to
execute it. The agent proceeds by executing components of the intended activity
and maintaining the past history of these executions together with observations
which could have been made during this process. New observations may trigger
cancellation of the intention, additional planning to achieve the intended goal,
and creation of new intended activities.

During this process the agent’s memory contains a system description in the
form of logic program, Πn, domain history up to the current step, theory I of
intentions, all of the possible goals of the agent, and activities that the agent
has created to achieve some of these goals. The memory can be updated by new
activities formed as the result of planning and by the record of newly occurring
actions and observations. We will often refer to the agent’s knowledge about goals
it is actively trying to achieve and activities it is actively trying to execute as its
mental state. If a particular activity is in progress, i.e. not finished, the mental
state will define the next action of the activity to be executed. Otherwise the
activity may be a success, a failure, or cancelled; success indicates that the goal
of the activity has been achieved, failure indicates that the goal of the activity
has not been achieved even after the execution of all the activity’s components,
and cancelled holds if the goal of the activity has been abandoned. Theory I of
intentions can be viewed as a collection of axioms defining the transformation
of the agent’s mental state.

To simplify the presentation we will divide our story into two parts. In the
first part we assume that the agent’s goal and the corresponding intended ac-
tivity are already present in the mental state of the agent, and concentrate on
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the axioms describing the regular process of fulfilling intention to execute this
activity. The second part will deal with committing to goals, forming intended
activities, and reacting to unexpected observations.

3.1 Fulfilling Intentions to Execute

Axioms in this section, referred to as Basic Axioms, will be given as regular rules
of Answer Set Prolog, and could be run on any of the standard ASP solvers like
smodels, dlv and clingo [19, 22, 11]. To use these solvers we need to restrict the
possible length of its activities by some constant, say max len, and define a new
sort

index(−1..max len). (6)

Defined fluent
fluent(active(M), defined). (7)

indicates that the agent is currently intending to execute activity M . The current
state of this process is described by inertial fluent,

fluent(status(M,K), inertial). (8)

If 0 ≤ K ≤ L where L is the length of M then K is the index of the component
of M that has most recently been executed; K = −1 indicates that activity M
is inactive. The first axiom below says that the fluent status(M,K) is a function
of M , and the second is a default that says initially the agents activities are
normally inactive.

¬holds(status(M,K1), I)← holds(status(M,K2), I),
K1 6= K2.

holds(staus(M,−1), 0)← not ¬holds(status(M,−1), 0).
(9)

In addition to the agent’s capability to interact with its environment by executing
physical actions, the agent’s mental actions directly affect its mental state. We
assume that the execution of a mental action is not accompanied by the execution
of any other actions (agent or exogenous). This is encoded by the following
executability condition:

¬occurs(E, I)← mental action(E1),
occurs(E1, I),
E 6= E1.

(10)

We believe that the assumption is reasonably natural since mental activities are
usually much faster than physical ones and an agent trying to perform multiple
mental activities simultaneously is bound to run into problems. Moreover, the
assumption substantially simplifies our theory.
Activities are moved into and out of the mental state of the agent by mental
actions start and stop.

mental action(start(M)).
mental action(stop(M)).
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Action start sets the value of status to 0, and action stop returns the activity
to a status of −1. These direct affects are given by the following axioms:

holds(status(M, 0), I + 1)← occurs(start(M), I).
holds(status(M,−1), I + 1)← occurs(stop(M), I). (11)

There are also natural executability conditions for these actions. An agent can
neither start an active activity, nor stop an inactive one. These are encoded by
the next two axioms:

¬occurs(start(M), I)← holds(active(M), I).
¬occurs(stop(M), I) ← ¬holds(active(M), I). (12)

The next axiom defines active(M) in terms of status:

holds(active(M), I)← ¬holds(status(M,−1), I). (13)

An activity M1 that is the current component of an activity M is a current
sub-activity of M . It is recursively defined in terms of status as follows:

fluent(curr subact(M1,M), defined).

holds(curr subact(M1,M), I)← component(M,K + 1,M1),
holds(status(M,K), I).

holds(curr subact(M1,M), I)← holds(curr subact(M2,M), I),
holds(curr subact(M1,M2), I).

(14)

An activity M1 that is a current sub-activity and its goal are said to be a minor.
These definitions are encoded as follows:

fluent(minor(M), defined).
f luent(minor(G), defined).

holds(minor(M1), I)← holds(curr subact(M1,M), I).
holds(minor(G), I)← holds(minor(M), I),

goal(M,G).
(15)

The stopping of an activity returns its current sub-activities and their goals to
an inactive state. These additional affects are given by the following:

holds(status(M1,−1), I + 1)← occurs(stop(M), I),
holds(curr subact(M1,M).

¬holds(active(G1), I + 1)← occurs(stop(M), I),
holds(curr subact(M1,M),
goal(M1, G1).

(16)

The next inertial fluent from the mental state of the agent is active(G). It is true
at step I if at this step the agent intends to achieve goal G. (We use possibly
indexed variable G to range over fluents that are the possible goals of the agent.)

fluent(active(G), inertial).
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Initially the agent has no active goals. This is encoded by the following default:

¬holds(active(G), 0)← not holds(active(G), 0). (17)

There are two actions, select and abandon a goal G which, in this paper, are
viewed as usually performed by the agent’s controllers. In a sense they are viewed
as input to our theory of intentions. Action select activates the goal, and action
abandon returns the goal to an inactive state.

holds(active(G), I + 1)← occurs(select(G), I).
¬holds(active(G), I + 1)← occurs(abandon(G), I). (18)

There are also two natural executability conditions for these actions. An active
goal cannot be selected, and an inactive goal cannot be abandoned. Moreover, in
our theory we want to prevent the agent’s outside controllers from micromanag-
ing agent’s activity. To achieve that we do not allow the abandoning of minor
goals.

¬occurs(select(G), I) ← holds(active(G), I).
¬occurs(abandon(G), I)← ¬holds(active(G), I).
¬occurs(abandon(G), I)← holds(minor(G), I).

(19)

The active/inactive state of a goal G of an activity M propagates to the goals
of M ’s current sub-activities.

holds(active(G1), I) ← holds(active(G), I),
goal(M,G),
holds(curr subact(M1,M), I),
goal(M1, G1).

¬holds(active(G1), I)← ¬holds(active(G), I),
goal(M,G),
holds(curr subact(M1,M), I),
goal(M1, G1).

(20)

To further describe the mental state of the agent executing activity M to achieve
goal G it will be convenient to introduce several other fluents defined in terms of
fluents status(M) and active(G). Execution of an active activity M is cancelled
at step I if M ’s goal is no longer active.

fluent(cancelled(M), defined).

holds(cancelled(M), I)← holds(active(M), I),
¬holds(active(G), I),
goal(M,G).

(21)

Execution of an active and uncancelled activity M achieves success at step I if
M ’s goal becomes true at I.

fluent(success(M), defined).
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holds(success(M), I)← holds(active(M), I),
¬holds(cancelled(M), I),
goal(M,F ),
holds(F, I).

(22)

The next axiom returns goal G to an inactive state after being achieved.

¬holds(active(G), I + 1)← occurs(stop(M), I),
goal(M,G),
holds(success(M), I).

(23)

If execution of an uncancelled activity M is completed at I but M ’s goal remains
unfulfilled we say that M is a failure at I.

fluent(failure(M), defined).

holds(failure(M), I)← length(M,K),
holds(status(M,K), I),
¬holds(success(M), I),
¬holds(cancelled(M), I).

(24)

Our definition of plans naturally leads to the assumption that the failure of
part of the plan indirectly causes the failure of the entire plan. (This of course
is not necessarily true in more complex situations, e.g. when conditional plans
are allowed). This is encoded by the following rule. (Note that we only refer to
failure of the activity which is neither cancelled nor unexpectedly successful).

holds(failure(M), I)← holds(status(M,K), I),
component(M,K + 1,M1),
holds(failure(M1, I),
¬holds(success(M), I),
¬holds(cancelled(M), I).

(25)

If an active activity is neither cancelled, a failure or a success then it is said to
be in progress.

fluent(in progress(M), defined).

holds(in progress(M, I))← holds(active(M), I),
¬holds(cancelled(M), I),
¬holds(success(M), I),
¬holds(failure(M), I).

(26)

A current sub-activity is irrelevant if one of its ancestors is a success, failure or
is cancelled.

fluent(irrelevant(M), defined).

holds(irrelevant(M1, I))← holds(curr subact(M1,M), I),
holds(success(M), I).

holds(irrelevant(M1, I))← holds(curr subact(M1,M), I),
holds(failure(M), I).

holds(irrelevant(M1, I))← holds(curr subact(M1,M), I),
holds(cancelled(M), I).

(27)
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Another defined mental fluent, intended action(M,E), is true at step I if mental
or physical agent action E of M is intended for execution at I.

fluent(intended action(M,E), defined).

If the first not yet executed component of an active activity is an action then it
is intended for execution. (We use possibly variable PA to range over physical
actions of the agent.)

holds(intended action(M,PA), I)← holds(status(M,K), I),
component(M,K + 1, PA),
holds(in progress(M), I),
¬holds(irrelevant(M), I).

(28)

If the first not yet executed component of an active activity is a sub-activity,
then the agent will intend to start this sub-activity.

holds(intended action(M1, start(M1)), I)← holds(status(M,K), I),
component(M,K + 1,M1),
holds(in progress(M), I),
¬holds(active(M1), I),
¬holds(irrelevant(M), I).

(29)
Relevant activities that are a success, failure, or cancelled should be stopped.

holds(intended action(M, stop(M)), I)← holds(failure(M), I),
¬holds(irrelevant(M), I).

holds(intended action(M, stop(M)), I)← holds(success(M), I),
¬holds(irrelevant(M), I).

holds(intended action(M, stop(M)), I)← holds(cancelled(M), I),
¬holds(irrelevant(M), I).

(30)

Intended actions propagate up from current sub-activities.

holds(intended action(M,Aa), I)← holds(intended action(M1, Aa), I),
holds(curr subact(M1,M), I),
holds(in progress(M), I).

(31)

The next axioms define changes in the status of execution after execution of an
intended action. The first axiom deals with the affect of executing an intended
physical action.

holds(status(M,K + 1), I + 1)← occurs(PA, I),
holds(intended action(M,PA), I),
holds(status(M,K), I),
component(M,K + 1, PA).

(32)

The second describes the effect of ending a sub-activity.

holds(status(M,K + 1), I + 1)← occurs(stop(M1), I),
h(intended action(M1, stop(M1)), I),
holds(status(M,K), I),
component(M,K + 1,M1).

(33)
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Next, we introduce the non-procrastination axiom which says that an agent tends
to execute an intended action as soon as possible. This statement has a form of
a typical default of Answer Set Prolog. The second axiom is an exception to this
default that says, action abandon(G) interrupts the execution of an intended
activity by preventing the execution of the intended action.

occurs(E, I)← holds(intended action(M,E), I),
not ¬occurs(E, I),
I < n.

(34)

¬occurs(E, I)← occurs(abandon(G), I),
holds(intended action(M,E), I). (35)

While executing an intended activity an agent should only execute physical ac-
tions that are intended.

intended(PA, I)← holds(intended action(M,PA), I).
¬occurs(PA, I) ← holds(active(M), I),

not intended(PA, I).
(36)

Let us denote the resulting theory by I0. The theory contains Basic Axioms of
I and is already capable of deriving some non-trivial conclusions and can serve
as the basis for a deeper theory of intentions we introduce in the next section.
The power of Basic Axioms can be illustrated by its use for formalizing several
scenarios from Example 1.

Example 4. [Example 1 revisited]
To model the first scenario from Example 1 we need a program Πn from Example
2, which describes Bob’s world, and a history describing the initial state of Bob’s
world and his current mental state. History H0 contains the initial positions of
Bob and John (rooms 1 and 3 respectively). Since basic axioms assume that the
agent already has an active goal and created an activity to achieve this goal we
assume that the history also contains statement holds(active(meet(b, j), 0), the
activity m from Example 3, and statement holds(status(m,−1), true, 0) which
indicates that m is inactive. This description of the initial mental state of the
agent will not be included in the histories used in conjunction with complete
theory I.

Let us start with the scenario of Example 1 in which Bob intends to execute
activity m. This can be represented by the history

H1 = H0 ∪ {hpd(start(m), 0)}

To compute the trajectory defined by this history we will consider a program

B1 = Πn ∪ I0 ∪H1

obtained by combining general knowledge with the basic axioms of Theory of
Intentions and the domain’s history. The program has one answer set containing
occurrences of actions

{occurs(start(m), 0), occurs(move(b, 1, 2), 1),
occurs(move(b, 2, 3), 2), occurs(stop(m), 3)}
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and fluent literals: {holds(meet(b, j), 3), holds(success(m), 3)}.

This corresponds to the trajectory which will be performed by Bob in the absence
of any intervening exogenous actions.

Persistence of intentions in the presence of some such actions can be illus-
trated by another scenario and corresponding program

H2 = H0 ∪ {hpd(start(m), 0), hpd(delay(b), 1)}
B2 = Πn ∪ I0 ∪H2

(Recall that delay(bob) prevents Bob from moving.) thas one answer set contain-
ing occurrences of actions

{occurs(start(m), 0), occurs(delay(b), 1), occurs(move(b, 1, 2), 2),
occurs(move(b, 2, 3), 3), occurs(stop(m), 4)}

and fluent literals: {holds(meet(b, j), 4), holds(success(m), 4)}.

As one can see Bob will continue the execution of his activity after the delay
and will successfully end it at step 4. This happens because the execution of
delay(bob) prevents Bob from moving at step 1. However it does not change
the status of the activity and therefore action move(b, 1, 2) remains intended for
execution, and hence actually happens, at step 2.

The scenario where Bob observes that John moved from room 3 to room
2 while Bob was moving from room 1 to 2 can be described by the following
history and corresponding program

H3 = H0 ∪ {hpd(start(m), 0), hpd(move(b, 1, 2), 1), hpd(move(j, 3, 2), 1)}
B3 = Πn ∪ I0 ∪H3

that has one answer set containing occurrences of actions

{occurs(start(m), 0), occurs(move(b, 1, 2), 1),
occurs(move(j, 3, 2), 1), occurs(stop(m), 2)}

and fluent literals: {holds(meet(b, j), 2), holds(success(m), 2))}

In this scenario Bob achieves his goal before completely executing his plan. His
next intended action is to stop executing his activity, and not continue moving
to room 3.

Now let us consider a small variation of the previous scenario, in which,
instead of observing John’s move to room 2 Bob observes John being in room
2 at step 2. The scenario can be described by the following history and its
corresponding program

H4 = H0 ∪ {hpd(start(m), 0), hpd(move(b, 1, 2), 1), obs(in(j, 2), true, 2)}
B4 = Πn ∪ I0 ∪H4

This time the behavior of I0 is less satisfactory. The answer set of program
B4 contains statement: inconsistent obs(in(j, 2), true, 2) and contains neither



16 Lecture Notes in Computer Science: Authors’ Instructions

h(success(m), 2) nor h(failure(m), 2). This is not surprising since the observa-
tion is unexplained by the knowledge base of Bob. Bob does not know that John
has left room 3 and therefore expects John to be there. This contradicts the
observation. Consequently, the Reality Check Axiom (4) causes the statement
above to appear in the answer set. To resolve unexpected observations the theory
of intentions should have a diagnostic ability, which would allow Bob to restore
consistency to his history by concluding that John moved from room 3 to room
2. This ability will be added to our theory in the next section.

3.2 Axioms for Unexpected Observations

So far our formalization was done in the original Answer Set Prolog. To repre-
sent knowledge needed for diagnostics and planning we will use an extension of
Answer Set Prolog, called CR-Prolog. All the examples discussed in this paper
were tested using CR-Prolog inference engine crmodels. A program of CR-Prolog
consists of regular Answer Set Prolog rules and a (possibly empty) collection of
so called consistency restoring rules of the form:

r : l0
+← l1, . . . , lm, not lm+1, . . . , not ln

where r is the name of the cr-rule, li’s are literals. The rule says ”if l1, . . . , lm
hold and there is not reason to believe lm+1, . . . , ln, then l0 may possibly hold.
However, this possibility may be used only if there is no way to obtain a con-
sistent set of beliefs by using only regular rules of the program. When an agent
discovers an inconsistent observation, it must find an explanation (an unobserved
past occurrence of an exogenous action) that resolves the inconsistency between
observations and expectations. Mental action

mental action(find explanation).

is executed whenever the agent has an inconsistent observation.

occurs(find explanation, I)← inconsistent obs(F, V, I). (37)

Next we introduce an important consistency restoring rule which says that the
agent looking for an explanation of an inconsistent observation may assume that
any exogenous action could have occurred (unobserved) in the past.

diag(EA, I2, I1) : occurs(EA, I2) +← hpd(find explanation, I1),
I2 < I1.

(38)

Here variable EA ranges over exogenous actions. (As usual, a rule containing
variables is viewed as a shorthand for the collection of all its ground instantia-
tions which respect the meaning of variables).
The next two axioms encode the requirement that an explanation resolve all
inconsistent observatations. An inconsistent observation of fluent F having truth
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value V at I is resolved if the expected value of F at I + 1 is V .

← inconsistent obs(F, true, I),
current step(I + 1),
¬h(F, I + 1).

← inconsistent obs(F, false, I),
current step(I + 1),
h(F, I + 1).

(39)

For simplicity we limit possible explanations of the discrepancy between obser-
vations and prediction to a single unobserved occurrence of an exogenous action.

unobserved(EA, I)← occurs(EA, I),
not hpd(EA, I).

← unobserved(EA1, I1),
unobserved(EA2, I2),
EA1 6= EA2.

(40)

Now Bob’s general knowledge about his domain and about reasoning with in-
tentions is given by a program

Πn ∪ I1
where I1 consists of I0 expanded by the six diagnostic rules above. The following
example illustrates the use of these rules.

Example 5. [Finding Explanations]
To illustrate the behavior of an agent using our new theory let us go back to
the last scenario of Example 4 with domain history H4 recording unsuccessful
execution of activity m. Recall that the answer set, say S0, of the corresponding
program contained statement: inconsistent obs(in(j, 2), true, 2) which was sup-
pose to alert Bob to the need for an explanation. Let us now replace old theory
I0 by I1 and consider a new

B4 = Πn ∪ I1 ∪H4

The answer set of the new program contains S0 together with a statement
occurs(find explanation, 2). Bob will record the new action occurrence in his
new history and use the corresponding program

H5 = H4 ∪ {hpd(find explanation, 2)}
B5 = Πn ∪ I1 ∪H5

to resolve the difficulty with unexplained observation. Note that now the current
step of the program is 3 satisfying constraints 39 becomes a problem for regular
rules of the program. This activates the 38 which finds the necessary explanations
— inconsistency was caused by the failure of the agent to notice the occurrence
of an exogenous action move(j, 3, 2) at step 1. Consequently, the program will
have one answer set containing actions

{occurs(start(m), 0), occurs(move(b, 1, 2), 1), occurs(move(j, 3, 2), 1),
occurs(find explanation, 2), occurs(stop(m), 3)}
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and fluent literals: {holds(meet(b, j), 2), holds(success(m), 2))}

but not containing: inconsistent obs(in(j, 2), true, 2).

3.3 Axioms for Planning

In previous examples illustrating our theory of intentions we discussed Bob’s
intent to execute a given activity m. But Example 1 begins with Bob intending
to meet with John, i.e. with intention to achieve a goal followed by planning.
Similarly in the scenario in which Bob didn’t find John in room 3. To model this
type of intentions we further expand our theory by removing assumptions from
section 3. This time the only information available to the agent in the beginning
of the process is the physical state of the domain and the selected goal. The latter
is recorded by the statement: hpd(select(G), 0), where G is a goal. As an effect
of the action select(G) the agent will look for a plan from the current step to
achieve the intended goal G. The plan and the goal will be represented as the
agent’s intended activity. We name activities generated by the agent by integers
from the set:

created activity(0..max act). (41)

where max act is the maximum number of activities the agent can create. We
also need rule

activity(X)← created activity(X). (42)

and some way to generate a new name for an activity to be created.

fluent(name(X), inertial)← created activity(X). (43)

holds(name(1), 0). (44)

holds(name(X + 1), I + 1)← occurs(start(X, I),
holds(name(X), I). (45)

¬holds(name(X2), I)← created activity(X1),
created activity(X2),
holds(name(X1), I),
X1 6= X2.

(46)

The name, which is initially set to 1 is incremented as the result of execution of
start. The last rule guarantees the name’s uniqueness.
We also need defined fluent in progress(G) that is true when the agent is exe-
cuting an activity M with goal G.

fluent(in progress(G), defined)

holds(in progress(G), I)← holds(active(M), I),
goal(M,G). (47)

An activity M is formed to achieve goal G when the goal is active but no activity
with this goal is currently in progress. This is expressed by the following:

fluent(form activity(M,G), defined)
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holds(form activity(M,G), I)← holds(active(G), I),
¬holds(in progress(G), I),
¬holds(minor(G), I),
holds(name(M), I),
current step(I1),
I ≤ I1.

(48)

Note that the third literal in the body is needed since the agent only persist in
his intentions to achieve non minor goals. The remaining two literals guarantee
that activity M is formed in the agent’s past (as opposed to being hypothesized
at some future time).

The goal for the activity which needs to be formed is given by the rule:

goal(M,G)← holds(form activity(M,G), I). (49)

To create components of this activity we will also need a sort for possible activity
components which will be given by statements:

comp(PA). comp(M). (50)

(Possibly indexed variables C will range over these components, i.e physical
actions or activities.) The activity’s components are generated by the cr-rule:

plan(M,K,C,G, I) : component(M,K,C) +← holds(form activity(M,G), I),
current step(I),
0 < K.

(51)
which says that if necessary any possible component can be used to form the
activity. There are a number of natural constraints on an activity’s components:

← component(M,K,M).
← component(M,K,C),
component(M,K,C1),
C1 6= C.

← component(M,K,C),
length(M,K1),
K > K1.

(52)

Of course we want to only generate activities which are expected to succeed in
achieving the goal. This constraint is expressed as follows:

← current step(I),
holds(form activity(M,G), I),
not projected success(M, I).

(53)

where projected success(M, I) is a shorthand defined by the following axiom.

projected success(M, I)← current step(I),
holds(success(M), I1),
I < I1.

(54)
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Finally we define the length of activity:

has comp(M,K)← component(M,K,C).
length(M,K)← has comp(M,K),

not has comp(M,K + 1).
(55)

The following axiom says that a newly formed activity should be executed.

holds(intended action(M, start(M)), I)← holds(form activity(M,G), I).
(56)

This completes the planning component, I2, which consists of axioms 41-56. Now
we define our final theory I:

I =def I1 ∪ I2

3.4 More Examples

It is easy to show that addition of new axioms does not change the behavior of the
theory on previous scenarios. To see how it works for planning and diagnostics let
us look at the remaining scenarios from Example 1. Note that now Bob’s general
knowledge about his domain and about reasoning with intentions is given by a
program

Πn ∪ I

and his initial state is

H0 = {holds(in(b, 1), 0), holds(in(j, 3), 0), hpd(select(meet(b, j)), 0)}

Example 6. [Intending to Achieve - Initial Planning]
Initially Bob’s knowledge is represented by program

B0 = Πn ∪ I ∪H0

where n is a maximal length of the domain trajectory. The program has one
answer set containing description, A1 of activity 1 where A1 is

goal(1,meet(b, j)).
component(1, 1,move(b, 1, 2)).
component(1, 2,move(b, 2, 3)).
length(1, 2)).

actions

{occurs(select(meet(b, j)), 0), occurs(start(1), 1),
occurs(move(b, 1, 2), 2), occurs(move(b, 2, 3), 3), occurs(stop(1)), 4)}

and fluent literals: { holds(meet(b,j),4), holds(success(1),4)}.
The current step of the program is 0. At this point Bob created the activity to
achieve his goal and expects to actually achieve it at step 4. According to our
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observe-think-act loop after completion of his initial planning step Bob will store
a record of the activity 1 as follows

H1 = H0 ∪ A1.

and proceed executing this activity. In the absence of exogenous actions Bob
and John will meet at step 4 of the trajectory.

Now let us look at the scenario from Example 1 in which Bob moved to room 3,
didn’t find John, found an explanation, and persisted with achieving his goal.

Example 7. [Unexpected Observations]
In this scenario Bob’s knowledge is given by history

H2 = H1 ∪ {hpd(start(1), 1), hpd(move(b, 1, 2), 2), hpd(move(b, 2, 3), 3),
obs(in(j, 3), false, 4), hpd(find explanation, 4), hpd(stop(1), 5)}

Now Bob’s knowledge is represented by program

B1 = Πn ∪ I ∪H2.

This program has 3 answer sets differing only by when John moved to room 4.
The answer sets contain actual occurrences of actions from H2, fluent literals,

{holds(failure(1), 4), holds(active(meet(b, j)), 5)}

statements,
goal(2,meet(b, j)).
component(2, 1,move(b, 3, 4)).
length(2, 1).

describing the newly created activity 2, and new actions

{occurs(start(2), 6), occurs(move(b, 3, 4), 7), occurs(stop(2), 8)}

which are the result of replanning. Note the use of axioms 38 and 51 for diag-
nosing and replanning. Thanks to this axiom Bob will be able to persist in his
intention, and plan to move to room 4 and meet John there. To proceed Bob
will store this second activity in his knowledge base and continue the execution
of actions and the corresponding recording as before. In the absence of further
interfering Bob will meet John in room 4 at step 8.

4 Discussion

The theory I presented in the previous section formalizes properties of inten-
tions intentions to achieve goals and intentions to execute activities. The theory,
formulated in CR-Prolog, is meant to be used in conjunction with an agent’s
general knowledge about its world and its own abilities, as well as knowledge
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about a particular history of the agent. Its axioms capture the agent’s reasoning
about its beliefs, explain the relationship between these beliefs and agent’s in-
tentions, and show how these beliefs and intentions direct the agent’s diagnostic
and planning activities. We also demonstrated that our axioms can be naturally
incorporated into the well developed AAA agent architecture. Several examples
illustrate that this, together with the reasoning abilities of solvers like crmodels
make it possible to automate non-trivial commonsense behavior of agents.

As expected there still remain a large number of open questions. First, our
axioms are not general enough to cover some interesting situations. For instance,
the agent using these axioms may fail to recognize the futility of its intended
activity even if he has enough information to do so. If in the beginning of ex-
ecution of his plan to meet John Bob from Example 1 is informed that John
has moved to the room inaccessible to Bob he would continue the execution
of his intended activity. The failure of this activity to achieve its goal which
should be apparent to Bob immediately will only be recognized after arriving in
room 3. To deal with the problem one may attempt to suggest replanning every
time a new observation is made about relevant objects of the domain but this
would be a subject of future work. We also have to go beyond our simplifying
assumptions and consider behavior of an agent trying to achieve several goals
simultaneously, introduce priorities between goals, incorporate our theory into
a more hierarchical control loop which will allow more intelligent selection of
goals and better connection between agent’s experience at achieving the goal
and its abandonment, etc. The second direction of future work will be related
to improving efficiency of our agent’s reasoning with intentions. Here the most
immediate need is for more efficient version of crmodels algorithm and imple-
mentation. Finally we plan to expand our framework by allowing reasonable
use of probabilistic information. Our language of choice for representing such
knowledge will be P-log [8]3.

There is much prior work on intentions related to AI which had an impact
on this paper. A substantial part of this work is based on the ideas presented
in [9], where the authors modeled intentions in modal logic. This led to the
development of BDI architecture and powerful logical systems allowing various
forms of reasoning about intentions, beliefs, and commitments (for more details
see for instance [28]). For a long time there has been a substantial gap between
theoretical results in this area and actual use of these logical systems for agent
design. In our opinion this was partly due to the power and complexity of the
language allowing nested modal operators, to the lack of well-understood con-
nections between these modal theories and theories about actions which often
serve as a basis for the agent design, and to monotonicity of the corresponding
logics which limits the ability of the agent to absorb new knowledge. Much of
subsequent work, which probably started with [25], attempted to narrow this
gap. There are several papers which are close to our approach. The closest of
course is [7] which builds the theory of intentions on the foundations of action

3 We actually plan to use version from [15] which replaces the logical bases for the
language from ASP to CR-Prolog.
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languages and ASP. This connects intentions with theories of actions and ASP
based theory of rational belief and opens the way of using ASP inferences en-
gines for reasoning about intentions. As discussed in the introduction we expand
this earlier work and establish a closer connection of reasoning with intentions
and AAA agent architecture. In [24] reasoning about intentions is placed in
the framework of another action formalism – situation calculus [21, 27]. The re-
lation between our work and that of [24] requires more investigation. Clearly
there are substantial technical differences. We also believe that our work pro-
vides more powerful reasoning mechanisms which allow to deal with diagnosis,
reason about indirect effects of actions, etc., as well as higher degree of elabo-
ration tolerance. On another hand work based on situation calculus may allow
more advanced interplay between beliefs of an agent and actual truth of fluents
in various situations. Finally there is a number of papers which design and in-
vestigate agents architectures which include reasoning about plans, and revising
them at run-time, following observations. Such plans can be seen as intentions.
Such an approach is taken, for instance, by [17] which is somewhat similar to
our work in their use of abductive logic programming. The action theories and
logic programming reasoning mechanisms are, however, very different from those
in our paper. Moreover, this work does not contain a fully developed theory of
intentions, and is more concerned with agent’s architecture.

5 Afterword

Finally we would like to congratulate Marek Sergot on his 60th birthday. We
learned a lot from his work, for instance, one of the basic ideas of this paper —
combining reasoning about actions and logic programming — has been learned
by the authors from much earlier and very influential paper on Event Calculus
[18]. We hope to learn much more in the future.
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