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This paper is about learning in the context of Multiagent Systems (MAS) composed
by intentional agents, e.g. agents that behave based on their beliefs, desires, and
intentions (BDI). We assume that MAS learning differs in subtle ways from the
general problem of learning, as defined traditionally in Machine Learning (ML).
We explain how BDI agents can deal with these differences and introduce the
application of first-order induction of logical decision trees to learn in the BDI
framework. We exemplify our approach learning the conditions in which plans
can be executed by an agent. Key words: MAS learning, BDI systems, Logical
Decision Trees.

1 Introduction

We are interested in learning in the context of Multiagent Systems (MAS)
composed by intentional agents, e.g. BDI agents. In this paper, we deal with
the issue of adding learning competences to a BDI architecture, which lead us
to consider learning methods applied to systems which behavior is explained in
terms of beliefs, desires, intentions (BDI propositional attitudes), and partial
hierarchical plans, as proposed in practical rationality theories ', and that can
be characterized as autonomous, reactive, pro-active and social 1°.

Usually, MAS learning '%1* is characterized as the intersection of Machine
Learning (ML) and Distributed Artificial Intelligence (DAI). Motivations for
this are reciprocal: i) MAS community is interested in learning, because it
seems to be central to different properties defining agents; and ii) an extended
view of ML dealing with agency and MAS can improve the understanding of
general principles underlying learning in natural and artificial systems.

A learning agent® can be conceptually divided into four components: i)
a learning element responsible for making improvements executing a learning
process; ii) a performance element responsible for taking actions, e.g. the
agent without learning competences; iii) a critic responsible for providing
feedback; and iv) a problem generator responsible for suggesting actions that
will lead to informative experiences.

Then, the design of the learning element, and consequently the choice of a

iat01: submitted to World Scientific on October 10, 2001 1




particular learning method, is affected by five major issues: i) which elements
of the performance element are to be improved? ii) what representation is
used for these components? iii) what feedback is available? iv) what prior
information is available? v) is it a centralized or decentralized learning case?

In this paper we expose the way BDI agency can be used to conceive
learning agents able to operate in MAS, using induction of logical decision
trees. In order to do that, the paper is organized as follows: Section 2 recalls
briefly BDI architectures, introducing an example used in the rest of the paper.
Section 3 presents our approach to MAS learning, it considers the design of a
BDI learning agent, the learning method used (first-order induction of logical
decision trees), and examples. Section 5 focuses on discussion, related and
future work.

2 BDI Agency

BDI theories of agency are well known. Different aspects of intentionality and
practical reasoning have been studied formally using extensions of modal and
temporal logics >11:15, The goal of the section is just to recall the way BDI
architectures work to complement the discussion on learning.

Examples in this paper comes from a very simple scenario proposed origi-
nally by Charniak and McDermott 2 (see figure 1). This scenario is composed
by a robot with two hands, situated in an environment where there are: i)
a board; ii) a sander; iii) a paint sprayer; iv) a vise. Different goals can be
proposed to the robot, for example, sand the board or even get self painted!
which introduces the case of incompatible goals, since once painted, the robot
stops being operational for a while. The robot has different options to achieve
its goals, it can use both of its hands to sand the board, for example, or well,
use the vise and one hand. Eventually, another robot will be introduced in
the environment to deal with examples about different interactions.

In general, a BDI architecture contains four key data structures: beliefs,
desires or goals, intentions, and a plan library.

Beliefs represent information about the world. Each belief is represented
symbolically as a ground literal of first-order logic. Two activities of the
agent update its beliefs: i) the perception of the environment; and ii) The
execution of intentions. The scenario shown in Fig. 1 can be represented by
the following beliefs of robot rl as: somewhere(sander), somewhere(board),
somewhere(sprayer), free-hand(left), free-hand(right), operational(r1).

Desires, or goals, correspond to the tasks allocated to the agent and are
usually considered logically consistent. Two kinds of desires are considered:
i) to achieve a desire expressed by a belief formula, i.e. /sanded(board); and
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Trigger: ! sanded(X)
Context: free-hand(Y) and
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Figure 1. The scenario for examples and an typical plan.

ii) to test a situation expressed as a disjunction and/or conjunction of belief
formulae.

Plans have several components. The invocation condition specifies, as a
trigger event, the circumstances under which the plan should be considered.
Four types of trigger events are possible: the acquisition of a new belief, the
removal of a belief, the reception of a message, and the acquisition of a new
(sub)goal. The context specifies, as a situation formula, the circumstances
under which the execution of the plan may start. The body of a plan is repre-
sented as a tree where nodes are labeled with states and arcs with actions or
subgoals, specifying a course of action. The maintenance conditions describe
the circumstances that must remain to continue the execution of the plan.
Finally, a set of internal actions is specified for the cases of success and failure
of the plan. Figure 1 shows a simplified plan p0 to sand an object X. The
last branch in the plan is a subgoal, because the robot will need to take the
sander to do its work, which involves another plan.

An intention is implemented as a stack of plan instances. In response to
an event, the agent must find a plan instance to deal with it. Two cases are
possible: i) If the event considered is an external one, an empty stack is created
and the associated plan is pushed on it, i.e. if the event is /sanded(board), the
plan p0 is considered, possibly among others, and the substitution (board/X,
left/Y) makes it executable. So, this substitution and p0 are used to form
a new intention stack identified as ip0; ii) If the event is an internal one, it
means it was produced by some already existing intention. The plan instance
generated for the internal event is pushed in the intention stack that gener-
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ated the event, i.e. When executing ip0, the last branch in the plan body
is a subgoal, so the event ('sand-in-vise(X),ip0) will be posted and will be
processed as usual, but the intention formed, will be pushed on the top of ip0.

A BDI interpreter ® manipulates these structures, selecting appropriate
plans based on beliefs and desires, structuring them as intentions and execut-
ing these ones.

3 BDI Learning Agents

We consider that learning in the MAS context differs in subtle ways from
learning in other ML situations. There are two sources for these differences:
i) the flexible autonomous behavior defining agency introduces some consid-
erations which are not present in traditional software %8, i.e. autonomy and
pro-activeness; ii) MAS environments are usually complex and dynamic.

This suggests that the same mechanisms controlling the behavior of the
agent should b use to control learning processes, e.g. learning processes should
be considered as actions of the agent. In particular: i) Agents have to be able
to identify situations where learning is necessary (pro-activity); i) Agents have
to evaluate and prioritize their learning processes (action selection); iii) Even-
tually, agents should be able to cope with simultaneous learning processes,
attending different learning goals found by the agent; and iv) The result of
the learning processes should be incorporated in the agent architecture.

We have observed that applications and challenges of MAS for ML are
indicative of a hierarchy of MAS levels of different complexity, that could be
useful to adopt a bottom-up approach in MAS learning research towards a full
distributed MAS learning. Levels are as follows: i) In the first level, agents
learn from the observation of their environment without direct interaction
with other agents (centralized learning); ii) In the second level, an elementary
form of direct interaction is introduced: implicit exchange of messages among
agents, requests included. Since it is a form of delegation this level introduces
social learning in MAS; iii) In the third level, agents are enabled to learn from
the observation of the behavior of other agents; and iv) All previous levels
are forms of centralized learning. In the fourth level, decentralized learning is
considered, i.e. agents with different beliefs participating in the same learning
process.

Defining BDI learning agents involves: i) taking into account the above
considerations; ii) considering the questions suggested while defining learning
agents (section 1) under these considerations; and iii) Choosing a learning
method.
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3.1 Defining BDI learning agents

What components of performance can be improved? Plans are central in our
approach: i) the context of each plan determines when they are executable
affecting the order in which they are considered, so we want agents to learn the
context of their plans that led to successful executions of them; ii) plans will
be used as background knowledge; and iii) Success and Failure components of
the plan help to build examples using internal actions. BDI learning agents
will not learn their beliefs, but use them to build examples to learn. Events
can be used in two ways: i) trigger events label the concept to be learn (event
satisfied or not); and ii) the set of plans obtained after a given event can be
used as background knowledge.

What representation is used for these components? The whole BDI inter-
preter is built on first-order logic representations. Belief formulae are defined
as an atom or the its negation. Beliefs are grounded belief formulae. Situation
formulae are a conjunction and/or disjunction of belief formulae. Two goals
are considered, achieving a belief formula and testing a situation formula.
Actions are seen as procedure calls, possibly including arguments. Plans, as
seen, are complex structures. What is relevant here is that the invocation of
a plan is represented as a trigger event, the context of a plan is represented as
a situation formula, and the body of a plan is a tree which arcs are labelled
with either goals or actions. Intentions are built as stacks of plan instances.

What feedback is available? The agent keeps traces of the execution of
their intentions. Success in achieving an intention executes a set of internal
actions to update the agent structure. These actions can include saving in-
formation about the context in which the intention was satisfied. Failures are
processed in a similar way, but the event associated originally with the plan is
reposted in the queue with the following information i) which plan is produc-
ing it, and ii) which plans has failed to satisfy it. This can be complemented
with information about the beliefs of the agent when success or failure occurs,
to build learning examples.

What prior information is available? Basically, we consider as prior in-
formation the bootstrap component of the BDI architecture, i.e. the plan
library, and initial beliefs.

3.2 First-Order Induction of Logical Decision Trees

After the representations used in BDI architectures, we considered first-order
learning methods. Since the context of plans was represented as a disjunction
of conjunctions of belief formulae, we decided to use decision trees as target
representation.
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Decision tree learning is a widely used and very successful method for
inductive inference. As introduced in the ID3 algorithm by Quinlan !, this
method approximates discrete-value target functions. Learned functions are
represented as trees and instances as a fixed set of attribute-value pairs. These
trees represent, in general, a disjunction of conjunctions of constrains on the
attribute values of the instances. Each path from the tree root to a leaf corre-
sponds to a conjunction of attribute tests, and the tree itself is a disjunction
of these conjunctions. Decision trees are inferred by growing them the root
downward, greedily selecting the next best attribute for each new decision
branch added to the tree, in a divide-and-conquer strategy, differing from its
rule-based competitors, i.e. CN2 and AQ, which use covering strategies.

Since clausal representation used in inductive logic programming (ILP)
exhibits discrepancies with the structure underlying decision trees, Luc de
Raedt 7 introduced the concept of logical decision trees, that are binary de-
cision trees (trees where tests have two possible outputs) constrained by: i)
every test is a first-order conjunction of literals; and ii) a variable that is
introduced in some node can not occur in its right subtree. This represen-
tation that corresponds to a clausal representation known as learning from
interpretations paradigm ©.

The learning from interpretations paradigm can be defined in the following
way. Given: i) a set of classes C; ii) a set of classified examples E; iii) a
background theory B. Find a hypothesis H, such that: Ve € E,HAeAB |=¢
and Ve € E,H ANe A B [~ ¢, where ¢ is the class of the example e and
¢ € C\ {c}. The background theory B is used in the following way. Rather
than starting from complete interpretations of the target theory, examples
are a kind of partial interpretations (sets of facts) that are completed by
taking the minimal Herbrand model M (B U I) of the background theory B
and the partial interpretation I. This paradigm enables the agent to conceive
examples as sets of beliefs considered when executing an intention.

Tilde 7 is a learning from interpretations algorithm, operating on logical
decision trees.It uses the same heuristics that C4.5, a predecessor of ID3 (gain
ratio, post-pruning heuristics), but the computation of the tests is based on
a classical refinement operator under ©-subsumption.

3.3  Ezemplifying the approach

In the scenario proposed in Fig. 1 we can consider the following predicates to
specify the actions configuring the behavior of the agent: pickup(X), put-
down(X), put-in-vise(X), sand-in-vise(X), sand-in-hand(X), paint(X), self-
paint(X). To describe the environment where the agent is situated, the fol-
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lowing predicates are used: free-hand(X) to indicate that the robot has the
hand X free; somewhere(X) to indicate that the object X is somewhere there;
in-vise(X) to indicate that the object X is in the vise; in-hand(X) to indicate
that the object X is in a hand of the robot; operational(X) to indicate that
the robot X is operational; sanded(X) and painted(X).

Then we can consider the simple plan body of p0 to sand an object X, exe-
cuting sequentially: pickup(X), put-in-vise(X), and sand-in-vise(X). This plan
body is executed if (context of plan): free-hand(Y) and somewhere(board). The
specification of the plan can be incorporated in the background knowledge,
as well as other general knowledge of the agent:

board-sanded :- plan(p0,board).
plan(p0,board) :- free-hand(Y), somewhere(board), sanded(board).
sanded(X) :- pickup(X), put-in-vise(X),

sand-in-vise(X).

The agent can build examples as models of the cases where the execution
of p0 lead to the board sanded and also for the cases where it does not. For
this, the trigger event /sanded(board) produces two classes to consider board-
sanded and board-not-sanded. The rest of the models are beliefs the agent had
when the intention containing p0 was executed.

begin(model(1)).
board-sanded.

free-hand(left).
operational(rl).

somewhere(board) .

plan(pO0).
end (model(1)).

begin(model(4)).

board-not-sanded.

free-hand(left).

somewhere(board) .

in-vise(sander).
plan(p0).
end(model(4)).

begin(model(2)).
board-sanded.

free-hand(right).

operational(rl).

somewhere(board) .

plan(pO0).
end (model(2)).

begin(model(5)) .
board-sanded.

free-hand(left).
operational(rl).

somewhere(board) .

plan(p0).
end (model(5)).

begin(model(3)).
board-not-sanded.
free-hand(left).
somewhere (board) .
plan(p0).

end (model(3)).

begin (model (6)) .
board-sanded.
free-hand(left).
operational(rl).
somewhere (board) .
plan(p0).

end (model(6)) .

The following pruned tree for this learning setting is obtained by Tilde:
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operational (A) 7
+--yes: board-sanded [4 / 4] [m1,m2,m5,m6]
+--no: board-not-sanded [2 / 2] [m3,m4]

Fractions in the form [i / j] indicate the number of examples in the class
(i) and how many of them were well classified (j). Examples in the class are
listed immediately (ml..m6). Induction time, for this example was of 0.03
seconds. The equivalent logic program for this logical decision tree is:

nl :- operational(A).
class(board-not-sanded) :- not nl.
class(board-sanded) :- operational(A).

The definite clause nl :- operational(A) is introduced by the refinement
operator of Tilde, because it will be useful to define the branch for the class
board-not-sanded, which is defined in terms of not nl. The decision tree ob-
tained suggests that the agent must add operational(A) in the preconditions
of the plan p0.

Observe that examples expressed as models, can include beliefs about
other agents, i.e. operational(r2) where r2 is a different robot, or also beliefs
that other agents have sent to robot r1, without affecting the learning process.
This is very important to scale up the approach to social learning, particularly
to the fourth MAS level proposed.

4 Discussion

We have explained and exemplified how BDI agents can learn using First-
Order Induction of Logical Decision Trees.

Different triggers have been considered in literature * to start learning
processes associated with specific areas, i.e. expectation violations, and per-
ceived need of improvement. All of them are possible in a BDI agent thanks to
the way it uses its plans. We have not considered here expectation violations,
but expectations can be represented in the states of plan bodies to verify
these conditions. Unsuccessful executions of intentions suggest the need of
improvement. The setting used in learning from interpretations are very im-
portant here, since using the BDI architecture we can: i) identify a task that
is not well accomplished; ii) obtain examples of the execution of intentions
(positives and negatives); and iii) obtain background knowledge, defining in
this way the area where learning is necessary.
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The example introduced suggests, it is possible for the agent to learn
with few examples. We think that this is due to the way BDI architectures
built windows of rationality ' enabling the agent to focus on beliefs and plans
relevant to particular events. More complicated experiments are necessary to
know if Tilde continues to infer useful information with few models, specially
in the case of the agent considering interactions with other agents.

We have decided to do our own implementation of a BDI interpreter. The
reasons for this decision include i) we knew that different implementations for
BDI architectures already existed, e.g. PRS , its re-implementation dMARS
3 but we only had access to formal specifications of them, not the source code
or low level information that help us modify or extend them accordingly to
our needs. We are using Allegro CL 4.3 running on a Linux platform. This
lisp interpreter enables us to execute several functions, i.e. agents, sharing
the same lisp environment in a multiprocess way. For the learning algorithm
we are using Tilde version 5.5.1.

Some works in the same direction that ours include: Olivia and co-authors
12 present a Case-Based BDI framework applied to intelligent search on the
Web, but the interpreter operates in a case-based cycle. Grecu and Brown *
have some similar position about the way learning must be incorporated in
agent systems, but their agents are not intentional and they use propositional
learning. Jacobs et al. & presents the use of ILP systems for th validations of
MAS.

Experimental results are promising. Even when the scenario proposed
is very simple, extended with a second robot, it seems to be sufficient to
experiment different interaction situations among agents. Immediate work to
do is completing some details about the interaction of the interpreter and the
learning processes, in order to use more realistic scenarios. Experiments done
up to now have help us to better understand the interaction of the agents
with their learning processes.
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