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Abstract. Agent programming languages based on the Belief, Desire
and Intentions (BDI) framework present some interesting challenges for
logicians. While BDI logics have been studied extensively, problems re-
lated to belief update and analysis of plans in BDI agent programming
languages have received less attention.

1 Introduction

This paper describes work in progress and proposes some possible research ques-
tions. It first introduces main ideas of agent programming languages and then
describes some interesting open problems in agent programming language de-
sign that relate to logic, database theory and reasoning about actions. The pa-
per is targeted mainly at logicians and not at agent programming languages
researchers, and presents agent programming languages in a somewhat simpli-
fied way, abstracting away from many subtle differences between them. The aim
of the paper is to encourage more logicians to investigate open problems in this
area. Most of the questions discussed in this paper arose in discussions with
agent programming languages researchers: Brian Logan, Koen Hindriks, Mehdi
Dastani and Rafael Bordini.

2 Agent Programming Languages

There are many definitions of ‘agent’ in the literature [1]. Key ideas include:

autonomy: an agent operates without the direct intervention of humans or
other agents

situatedness: an agent interacts with its environment (which may contain
other agents)

reactivity: an agent responds in a timely fashion to changes in its environment
proactivity: an agent exhibits goal-directed behaviour

Arguably the dominant agent programming paradigm is the Belief, Desire
and Intentions (BDI) model [2]. The BDI model is based on the work of Michael
Bratman [3], and views an agent as a computational system whose behaviour can
be usefully characterised in terms of propositional attitudes such as beliefs and
goals, and which is programmed in an agent programming language that makes
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explicit use of propositional attitudes. BDI agent programming languages are
designed to facilitate the implementation of BDI agents. A BDI agent program-
ming language has programming constructs corresponding to beliefs, desires and
intentions. An agent architecture or interpreter enforces relationships between
the agent’s beliefs, desires and intentions, and causes the agent to choose actions
to achieve its goals based on its beliefs. One of the first BDI agent programming
languages was the Procedural Reasoning System (PRS) [4]. Example applica-
tions of PRS include space shuttle fault diagnosis, controlling a mobile robot,
air traffic control, business process control etc. PRS was very influential, with
many derivatives (e.g., PRS-CL, PRS-Lite, dMARS), and modern BDI agent
programming languages such as AgentSpeak(L) [5], CAN [6], SPARK [7], Jason
[8], 2APL [9], and Goal [10] are based on similar ideas.

The basic idea of a BDI agent programming language is that the agent’s state
contains beliefs (about the agent’s environment), goals (states the agent desires
to bring about), and plans (sequences of actions the agent intends to carry out).
Beliefs are typically represented as facts and Horn clause rules. For example, an
agent may have the following beliefs about the world:

Location(home)

Seaside(x)← NextTo(sea, x)

Goals or desires are usually conjunctions of literals describing desired states
of affairs the agent would like to achieve. For example:

Location(x) ∧ Seaside(x)

is a goal to be at the seaside (x implicitly existentially quantified; any seaside
would do).

Finally, agents have a set of plans (intentions) they have adopted and are
in the process of executing. In most BDI languages plans look like imperative
programs (sequential composition, if tests and while loops) which may contain
variables in actions and tests. For example:

if (Location(x) ∧ Seaside(y) ∧ CheapF light(x, y)) buyT icket(x, y); go(x, y)

This means: find some substitution for x and y which satisfies

Location(x) ∧ Seaside(y) ∧ CheapF light(x, y)

and then execute a sequence of actions

buyT icket(x, y); go(x, y)

for those values of x and y. The sets of beliefs, goals and plans are referred to
as the agent’s belief base, goal base and plan base.

The agent operates in a cycle:

belief update The agent checks what is happening in the environment and
updates its belief base accordingly.
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intention adoption The agent decides, using its current beliefs and goals,
which new plans to adopt (if any), and adds them to its plan base.

intention execution The agent decides which actions (forming part of current
intentions) to execute, and executes them.

3 Briefly: BDI logics

The development of first agent programming languages was accompanied by
the development of BDI logics, which formalise logical relationships between
beliefs, desires and intentions. See, for example, [11, 12], and subsequent work,
for example, [13, 14].

The logics study questions such as relationships between beliefs and goals,
when a rational agent should adopt and drop intentions, should logical conse-
quences of intentions be intended, etc. These are deep questions, and the rational
properties of the relationship between, for example, beliefs and goals proposed
by different authors are sometimes completely the opposite of each other. For
example, Cohen and Levesque [12] gave a standard possible world semantics for
BEL and GOAL modalities, requiring that goal-accessible (desirable) worlds are
a subset of belief-accessible worlds. This makes sense because of all the worlds
the agent considers possible, only some are desirable, and it does not make sense
to have desirable states which are not considered possible. This property corre-
sponds to the axiom:

BELφ→ GOALφ

On the other hand, Rao and Georgeff [11] have a more complex semantics where
possible worlds are trees (branching histories) and for each belief-accessible his-
tory, there is a goal-accessible sub-history inside it, intutitively representing those
courses of events which the agent finds desirable. Achievement goals are ex-
pressed by existential temporal formulas (there is a future state satisfying the
goal), which are preserved under extensions. This means that for an existential
temporal formula φ, the following axiom holds:

GOALφ→ BELφ

Finally, in modern agent programming languages, achievement goals correspond
to state properties (describing a desirable state). Since it does not make sense
for the agent to intend what it already believes is achieved, the following axiom
holds:

GOALφ→ ¬BELφ
There are clearly problems associated with defining beliefs and goals as stan-

dard modalities, similar to logical omniscience in standard epistemic logics, and
it is possible to define BDI logics which do not have this problem: see, for ex-
ample, [15].

There is a lot of interesting work on BDI logics, but this paper focusses
on other aspects of agent programming languages where logical reasoning is
involved: the belief update phase and the intention adoption phase of the BDI
agent execution cycle.
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4 Belief update

In a typical modern BDI agent programming language, the set of beliefs is essen-
tially a deductive database. It consists of ground atoms (facts, EDB) and Horn
clause rules, which define a different set of predicates (IDB). However, there are
extensions of programming languages such as Jason which include ontologies and
other sources of definitions in the belief base [16], and people would really like
agents to be able to do some temporal reasoning [17].

4.1 Standard belief update

Let us use the term ‘standard belief update’ to refer to belief update for the
case when the agent’s belief base is a deductive database, and an update is
represented as two sets of ground atoms A+ and A− (an add list and a delete
list). A+ are the facts which have become true, and A− are the facts which have
become false. The idea of course is that A+∩A− = ∅. Then the result of updating
a belief base S with (A+, A−) is S′ = (S ∪A+) \A−. There is nothing else to do
to ensure the belief base is consistent, since the sets of EDB and IDB predicates
are disjoint and hence ‘false’ facts can not be derived from the update.

Usually, at this stage, those elements of the goal base which have become true
(derivable from the belief base) are removed from the goal base. (The reason for
this is that in case of declarative achievement goals, there is no point trying to
achieve them if they are already true.)

4.2 Standard belief update in the presence of query caching

The intention adoption and intention execution stages may involve evaluating
queries against the agent’s belief base (and possibly goal base). If the results
of queries are cached (remembered for further use), the belief update problem
becomes less trivial (since it involves updating the cache).

First we discuss the queries which need to be evaluated and why it is a good
idea to cache them.

The intention adoption phase requires checking which plans are applicable
given the agent’s beliefs and possibly given its goals. A typical approach is to
have ‘plan adoption rules’ of the form

φ← ψ | π

which mean ‘if query φ succeeds against the goal base, and, extending the same
substitution, query ψ succeeds against the belief base, then adopt the plan π
with the resulting substitution’. Queries are usually built from literals (where ¬
is interpreted as negation as failure, and any variables in its scope should also
appear in the query in a positive literal) using disjunctions and conjunctions.

For example:

on(x, y)← block(x) ∧ block(y) ∧ ¬(x = y) ∧ clear(x) ∧ clear(y) | stack(x, y)
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The intention execution phase may require evaluating belief tests, as in the
previous example

if (Location(x) ∧ Seaside(y) ∧ CheapF light(x, y)) buyT icket(x, y); go(x, y)

However, studying existing programs in various agent programming lan-
guages suggests that the agents repeatedly evaluate the same queries in the
same cycle and across different cycles [18], so it does make sense to cache com-
plex derived formulas.

Assume that in addition to the belief base S, we also have a set of cached
query results C. Each element of C is a pair (φ, θ) where φ is a query and θ is
a substitution which currently makes φ true. Depending on the agent program-
ming language, a query may return a set of answers (substitutions) or a single
substitution.

In the presence of caching, the belief update problem becomes more involved
than in the standard case, since we need to decide how to update C given S
and (A+, A−). (The result of updating S with (A+, A−) is defined as before:
S′ = (S ∪A+) \A−.) In fact we have two problems:

invalidation of cached beliefs Given a change of belief base from S to S′,
which of the cached beliefs should be removed from C?

maintaining a complete cache Given a change of belief base from S to S′,
are there are any new elements which need to be added to C? (In other
words, when does it make sense to re-evaluate a query to get new answers?)
The second problem occurs when we want to cache all answers to a query.

Invalidation of cached beliefs The problem of invalidating cached beliefs can
be solved using well known AI reason maintenance techniques [19]. We can keep
track of which facts in S were used in deriving a particular element of C, and
store them together with the element of C whose truth depends on them. In
line with AI reason-maintenance terminology, let us call a set of literals used to
derive a certain element (φ, θ) of C an environment for (φ, θ), and the set of all
environments for (φ, θ) a label for (φ, θ). There may be several environments in
one label, for example if S contains

P (x)← Q1(x), R(x)

P (x)← Q2(x), R(x)

and Q1(a), Q2(a) and R(a) are all in S, then (P (x), x/a) has a label with two
environments, {Q1(a), R(a)} and {Q2(a), R(a)}. Let us say that an environment
is ‘destroyed’ if one of its elements is no longer in S. For example, if Q1(a) is
no longer in S, then {Q1(a), R(a)} is destroyed. Destroyed environments are
removed from the label. If some element of C has an empty label, it should be
removed from C, because all old ways of deriving it have disappeared from S.

This works in a straightforward way if φ is an atomic query, and it is easy
to see how to generalise this to conjunctions and disjunctions of atomic queries.
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Negations are more of a problem, since we have negation as failure which is not
stored as an explicit element of S. If we cache queries with negations, or if rules
can have negative literals in the body, we need to store negative literals in the
environments. For example, let S be

P (x)← Q1(x), R(x)

P (x)← Q2(x), R(x)

Q1(a), Q2(a), R(a), R(b)

and let φ be R(x) ∧ ¬P (x). Given S, we have

(R(x) ∧ ¬P (x), x/b) ∈ C

and the only environment in its label is {R(b),¬Q1(b),¬Q2(b)}. An environment
containing both positive and negative literals is destroyed by an update (A+, A−)
if either one of its positive literals is in A−, or for some negative literal ¬L,
L ∈ A+. Clearly, this cache update operation is much less computationally
expensive than a call to the inference engine. Building and maintaining labels
of cache elements in the case of only positive environments not more expensive
that a call to an inference agent to derive them in the first place. In the case of
environments with negative elements, efficient environment computation appears
to be an open problem (it is obviously do-able, but can it be done as efficiently
as computing positive environments?).

Maintaining a complete cache The second problem (maintaining a complete
cache) makes sense if we want the cache to always contain all answers to a query.

The question then is, given a set of cached queries and an update, which
new substitutions should be added? Clearly, this question can be solved in a
straightforward way by re-deriving all the queries, but we are looking for an
efficient way of at least detecting when a new call to an inference engine is
required (and ideally, just reducing this to a pattern matching problem on S,A+

and A−). In other words, we need to maintain a relationship between literals
and complex queries such that if new literals of a certain form are added or
removed, then a new substitution should be added to a query. It is likely that to
solve this problem efficiently one would need to be able to compute something
like a RETE or TREAT network [20, 21] but not for Horn clause rules but for
arbitrary boolean combinations of literals and with negative literals as possible
tokens.

Open problems Here are some open problems related to cache update:

efficient standard update in the presence of a cache: how to compute and
maintain environments with negative literals, how to efficiently maintain a
complete cache when the agent’s beliefs correspond to a deductive database

extensions to the standard case: how to update the cache if an update can
contain disjunctions of literals; for which fragments of description logics and
temporal logic cache update problems can be solved efficiently
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5 Maintaining the plan base

In general the agent’s plan base will contain several plans. These plans may be
executed simultaneously, e.g., in a round robin fashion or an arbitrarily inter-
leaved order. For example, the agent may be stacking blocks on several tables at
the same time, using several robotic arms or moving from table to table. In some
cases, making progress on several tasks at the same time is a good idea, while
in other cases plans may be interfere in unfortunate ways. The latter problem is
intuitively clear, but how do we define a ‘rational plan base’? There are several
aspects to this notion, some to do with whether it makes sense to have several
plans for the same goal (usually not) and others to do with how much work an
agent can rationally commit to (considered at the end of this section). First, let
us clarify the notion of ‘interfering plans’.

One approach, see for example [22], considers it a bad idea to adopt plans for
conflicting (logically inconsistent) goals, for example a goal to be in Amsterdam
and a goal to be in Paris. A plan which involves achieving one of them will prevent
achievement of another. Whether goals conflict is reasonably straightforward to
check.

Another meaning of interfering plans [23–25] is that executing steps of one
plan is undoing or making impossible executing steps of another plan, even if the
goals of the two plans are consistent. For example, it is consistent to have two
goals Clean(room1) and Clean(room2) (where room1 and room2 are different
rooms in different directions from the agent), but most obvious plans for doing
this would involve going to room 1 and going in the opposite direction to room
2.

Consider a blocks world environment [26]. Plans which involve manipulat-
ing blocks on the same table may interfere in both senses. Two goals may be
inconsistent, for example On(a, b) and On(b, a).

An example of a situation where the goals are consistent but the plans may
interfere is as follows. Suppose we have blocks a, b, c, d and e, and a and e are
red and the rest are green. Suppose the first goal is to have a red block on top
of two green blocks where the bottom block is on the table, and the second goal
is to have a green block on top of a red block which is on the table. Both goals
are achievable separately and even together, for example we can have

On(a, b) ∧On(b, c) ∧OnTable(c)

satisfying the first goal, and

On(d, e) ∧OnTable(e)

satisfying the second goal. However suppose the following plans are adopted to
achieve them (for example in the state where the agent believes that all blocks
are on the table and clear):

if (OnTable(x) ∧Green(x) ∧Green(y)) Stack(y, x); if (Red(z))Stack(z, y)
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for the first goal and

if (OnTable(x) ∧Red(x) ∧Green(y))Stack(y, x)

If both plans generate the same substitution for picking a red block (a) then one
of them will become unexecutable, given the obvious pre- and postconditions of
the Stack action (Stack(x, y) is executable if x and y do not have anything on
top of them, and result in On(x, y) which means that x is on top of y).

Before formulating the problems related to checking for interference of plans,
we need some definitions.

A schedule (of a set of actions) is an assignment of actions to processors (e.g.
robotic arms) together with a linear order of each set of actions assigned to the
same processor. For example, a schedule for two robotic arms could be:

arm1 : Stack(b, c) ≺ Stack(a, b)

arm2 : Stack(b, a)

where ≺ is the linear order (temporal precedence) relation.
Two actions interfere (or one of them clobbers another) if executing one

of them makes execution of another impossible; in other words, the effect of
the first action makes precondition of the second action false. In the schedule
above, Stack(b, a) interferes with Stack(a, b) since the precondition of Stack(a, b)
requires that a has nothing on top of it, and the effect of Stack(b, a) is that it
does.

Open problems There are a number of problems relating to the interference
of plans, including:

plan interference given a set of plans P and a set of pre- and postconditions
of actions in those plans, do these plans interfere?

interference-free schedule given a set of plans P and a set of pre- and post-
conditions of actions in those plans, return a schedule (if one exists) of actions
of plans in P where action do not interfere

schedule interference given a set of plans P , a set of pre- and postconditions
of actions in those plans, and a schedule of actions in the plans, check whether
actions in the schedule interfere

Clearly, these problems relate to planning and scheduling and can be solved
using existing methods; however it would be good to find more efficient solutions
which are tailored to plans in agent programming languages. One approach would
be to investigate special scheduling algorithms which make use of logical checks
before the plans are adopted to make scheduling an easier problem. It may also
be possible to come up with a weaker notion of an acceptable (‘almost free from
interference’) set of plans, for which the scheduling problem can be solved in
polynomial time.

There are other aspects to deciding whether a set of plans the agent is com-
mitted to is ‘rational’, apart from interference of plans. For example, the goals
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the agent is trying to achieve may have deadlines. Given the time required to ex-
ecute its plans, the agent may not be able to achieve all its goals, and will waste
time and energy executing plans which are certain not to achieve their goal in
time. Related problems have been investigated in [29–31]. In [31], we proposed an
efficient scheduling algorithm which did not return the optimal schedule (which
is computationally expensive) but a schedule satisfying reasonable ‘rationality
criteria’. The same algorithm was used in a plan adoption algorithm for an agent
which decides whether to commit to a set of obligations (which also have dead-
lines) in [32]. However, in this area much work remains to be done, trying to
find a balance between computationally efficient and ideally rational criteria for
plan schedules.
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