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Abstract. Instructors play a major role in many of the current virtual training systems. Consequently, either many instructors per trainee
are needed, which is expensive, or single instructors perform highly demanding tasks, which might lead to suboptimal training. To solve this
problem, this paper proposes a cognitive model that not only generates
the behaviour of virtual characters, but also produces explanations about
it. Agents based on the model reason with BDI concepts, which enables
the generation of explanations that involve the underlying reasons for an
agent’s actions in ’human’ terms such as beliefs, intentions, and goals.

1

Introduction

Virtual systems have become common instruments for training in organizations
such as the army, navy and fire brigade. The following paragraph describes a
possible training scenario of such systems.
To practise his incident management skills, fire-fighter F receives training in a
virtual environment. He and his virtual colleague G receive a call from the dispatch centre informing that there is a fire in a house, and as far as known, there
are no people in the house. While driving to the incident, they receive information about the exact location, scale of the incident, wind direction, etc. At the
incident, F and G start unrolling and connecting the fire hoses, but suddenly,
G sees a victim behind a window and runs towards the house. F did not see the
victim and assumes that G is going to extinguish the fire. However, F sees that
G is not carrying a fire hose, and wonders whether G forgot his hose, or ran to
the house for another reason. What should F do?
Virtual training systems provide an environment which represents those parts of
the real world that are relevant to the execution of the trainee’s task. An interface

allows trainees to interact with the environment. In typical virtual training, a
trainee has to accomplish a given mission, while a scenario defines the events
that occur. Despite the predefined scenario, the course of the training is not
completely known, because the trainee’s behaviour is not exactly predictable.
To provide effective training, it is important that the environment reacts to
the trainee’s actions in a realistic way, so that trainees can transfer the skills
obtained in the virtual to the real world.
In most of the current systems for virtual fire-fighting training, virtual characters and other elements in the environment do not behave autonomously
(e.g. [1]). Instead, instructors play a major role, managing changes in the environment, e.g. the size of a fire, and impersonating other characters in the
scenario, e.g. a trainee’s team-mates, police or bystanders, in such a way that
learning is facilitated as much as possible. Besides controlling the environment
and behaviour of virtual characters, instructors provide instruction, guiding, and
give feedback to the trainee. As both of these tasks require ample attention of
an instructor, more than one instructor is needed to train one trainee. Making
use of even more instructors per trainee, however, is a costly and unpractical
solution.
A way to alleviate the tasks of an instructor is by using artificial intelligence
to perform (part of) the instructor’s tasks. A lot of research has been done on
intelligent tutoring systems (ITS) (for overviews, see [2, 3]). Successful applications mostly concern the training of well-structured tasks, such as programming
and algebra [3]. Designing ITS for complex, dynamic, and open real-world tasks
transpires to be difficult because it is not possible to represent the domain by a
small number of rules and the space of possible actions is large.
Cognitive models are used to generate realistic behaviour of virtual characters (e.g. [4]). For achieving simple behaviour, cognitive models are successfully
applied, but generating complex character behaviour is more difficult. One of
the problems is that in complex situations, it is not always clear why a character
acts the way it does. Even the system designers and the instructors, who should
be able to explain its behaviour, can only speculate about the character’s underlying reasons. Without knowing the motivation of a character’s actions, it is
more difficult for a trainee to understand the situation and learn from it.
This paper presents an approach for virtual training with fewer instructors.
We propose a cognitive model that does not only generate behaviour, but also
explains it afterwards, which should result in self-explaining agents. The paper
has the following outline: we first discuss what explanations of virtual characters should look like (section 2), and then propose a cognitive model able to
generate such explanations (section 3). Section 4 discusses the two uses of the
model: generation and explanation of actions. Subsequently, requirements for
the implementation of the cognitive model (section 5) and related work (section
6) are discussed. We conclude the paper with a discussion and suggestions for
future research (section 7). We use the scenario at the beginning of the paper to
illustrate the proposed principles and methods.

2

Self-explaining agents

Early research on expert systems already recognized that the advice or diagnoses
from decision support systems should be accompanied by an explanation [5–7].
We transfer this idea to virtual training systems, where virtual characters should
not only perform believable behaviour, but also provide explanations about the
underlying reasons of their actions along with it. However, since there are many
ways to explain a single event [8], the challenge is to develop a method to identify
which explanations satisfactorily answer a trainee’s questions. The field of expert
systems distinguishes rule trace and justification explanations [5]. Rule trace
explanations show which rules or data a system uses to reach a conclusion.
Justification explanations, in addition, provide the domain knowledge underlying
these rules and decisions, explaining why the chosen actions are appropriate.
Research shows that users of expert system often prefer justification to rule
trace explanations. Similarly, explanations of virtual characters should not only
mention how, but also why a certain conclusion has been reached.
Humans use certain concepts when they explain their behaviour, they give
explanations in terms of goals, beliefs, intentions, etc. Virtual agents should use
similar vocabulary in order to produce useful explanations. To facilitate the generation of explanations in ’human’ terms, agents can already make use of these
concepts for the generation of their behaviour. Agents based on a BDI model
reason with concepts such as goals and beliefs. Moreover, it has been demonstrated that BDI agents are suited for developing virtual non-player characters
for computer games [9]. Because BDI agents use relevant concepts for the generation of their behaviour, explanations that give insight into their reasoning
process are helpful to the trainee. For example, a BDI-based virtual character
could explain its actions by referring to its underlying goals.

3

The cognitive model

As argued in the previous section, we will use the BDI paradigm to develop
self-explaining agents. This section provides a model describing how beliefs, desires (goals), intentions (adopted goals) and actions relate to each other in our
approach. The three basic elements in the model are goals, actions and beliefs.
As illustrated in figure 1, a goal can be divided into sub-goals or achieved by
executing a single action. Beliefs relate to the connections between goals and subgoals, and goals and actions. The three subsections each discuss one of them,
and explain the relations to the other elements in the model more extensively.
3.1

Goals in the model

A goal describes (part of) a world state. All possible goals of an agent are present
in its cognitive model and depending on the current world state, one or more of
its goals become active. An agent’s knowledge about the current world state is
represented in its beliefs, determining which goals become active. For example,

Fig. 1. The relation between goals, actions and beliefs

a fire-fighter would only adopt the goal to extinguish a fire, if he believed that
there (possibly) was one.
Goals relate to their sub-goals in four different ways. The first possibility
is that all sub-goals have to be achieved in order to achieve the main goal,
and the order of achievement is not fixed. For instance, the goal to deal with a
fire in a house is divided into the sub-goals to extinguish the fire, and to save
the residents. The completion of both sub-goals is essential to the achievement
of the main goal, and both orders of achievement are possible. In the second
relation, the achievement of exactly one sub-goal leads to the achievement of
the main goal. The different sub-goals exclude each other in the sense that if an
agent adopts one of the sub-goals, the other sub-goal(s) cannot simultaneously
be active goals. For example, a main goal to extinguish a fire has the sub-goals
to extinguish the fire with water and with foam. A fire-fighter has to choose
between water and foam, but he cannot use both. In contrast to the first example,
neither of the sub-goals is necessary, but both are possible ways to achieve the
main goal. In the third goal/sub-goal relation, the achievement of one sub-goal
leads to the achievement of the main goal, but the different sub-goals do not
exclude each other. For example, sub-goals of the goal to find a victim are to
ask other people, and to search the victim yourself. Different from the choice
between water and foam, in this example an agent can decide to adopt both
strategies. In the fourth relation, for achieving the main goal, all sub-goals have
to be achieved in a specific order. For instance, the goal to rescue a victim in a
burning house has the sub-goals to find the victim and to bring him to a safe
place. The main goal is only achieved if the two sub-goals are achieved in the
correct order.
The four goal/sub-goal relations are indicated by adding subscripts to the
sub-goals, denoting the relation to their main goal. The different sub-goals are
Gand , Gxor , Gor and Gseq−i , in the order as discussed in the previous paragraph,
where and, xor and or refer to the logical operators, and seq refers to sequential.
The i in Gseq−i stands for the position of a sub-goal in the sequence of sub-goals.
It should be noted that the logical operators are biased, as some of the sub-goals
are adopted more often than others. Each of the sub-goals can also be a main
goal with new branches of sub-goals starting from it. Thus, the name of a goal
is always derived from the relation to its main goal and the other sub-goals of

that main goal. Some goals can have more than one sub-script, i.e. if they relate
to more than one main goal in different ways.
3.2

Actions in the model

Goals are specified by sub-goals, which are specified by new sub-goals, etc. At
some point in the goal tree, goals are no further specified and can be achieved
by performing one single action. Our model does not allow connecting more
than one action to a goal for simplicity reasons. The different relations between
two levels can be expressed at the goal/sub-goal level, so distinguishing different
goal-action relations is unnecessary.
Basic actions should be carefully chosen in the model. If two actions are
always followed by each other, e.g. the action to connect a fire hose and to open
the tap, these two actions can be represented as one action in the model. A
division of two actions (and thus two sub-goals because goals relate to only one
action), while they are never used separately, is unnecessary. The determination
of the smallest distinguishable actions does not only depend on the execution of
actions, but also on the explanation of actions.
3.3

Beliefs in the model

In our model, an agent’s beliefs determine which of its goals become active, and
thus which actions it takes. Agents have two types of beliefs: general and observation. General beliefs involve all them of which the truth does not depend
on a particular situation, for example, the belief that combustion requires oxygen. Observation beliefs are context-specific and involve them about an agent’s
current situation. Observation beliefs are only true in a particular situation, for
example, the belief that there is somebody in the burning house. It should be
noted that observation beliefs are often interpretations of observations, which
means that additional knowledge has been added. For example, the belief that a
house is burning is an interpretation of observations such as smoke, heat, sounds
of fire, etc. In general, it is hard to draw a line between observations and interpretations, but we will take a practical approach and consider such interpretations
as observation beliefs.
In simple worlds, e.g. a block world, it is possible that an agent has an
internal representation of all possible information about the current state of the
environment. In more complex worlds, such as in virtual training systems, the
environment contains lots of rapidly changing information and representing all
of it is unfeasible. In our model, only beliefs that influence the agent’s actions
or that are needed for explaining them are made explicit.

4

Uses of the model

In this section, we illustrate how our model can be used for the generation and
the explanation of behaviour. Therefore, we use the scenario at the beginning of

Fig. 2. The cognitive model of fire-fighter G

the paper. Figure 2 represents the internal state of virtual fire-fighter G in the
scenario.
4.1

Generation of behaviour

The virtual characters in a training scenario fulfil specific roles with corresponding goals and tasks. For example, a dispatch centre operator should properly
inform the leading fire-fighter, a policeman ensure order and safety, and a firefighter bring incidents to a succesful conclusion. The characters maintain their
overall goal during the complete training session. To achieve their main goal,
agents have to adopt proper sub-goals, sub-sub-goals, and finally perform the
corresponding actions. The selection of goals depends on an agent’s beliefs and
the relation between that goal and its main goal (Gand , Gxor , Gor or Gseq−i ).
In the fire-fighting domain there are many rules prescribing what a fire-fighter
should do in different situations, in other words, most decisions of fire-fighters
are based on the matching of patterns with these rules [10]. The procedural nature of the fire-fighting domain facilitates the construction of a goal tree; the
selection rules correspond to the actual rules in the domain. The selection mechanisms for the four different relations distinguished will be discussed later in this
subsection.
Our approach to agent behaviour generation resembles planning methods
based on hierarchical task networks (HTNs) [11]. In HTN planning, an initial
plan describing the problem is a high-level description of what is to be done.
Plans are refined by action decompositions, which reduces a high-level action to
a set of lower-level actions. Actions are decomposed until only primitive actions
remain in the plan. These initial plans, action decompositions and primitive actions correspond to our model’s top-goals, divisions of goals into sub-goals and

actions, respectively. Russell and Norvig take an approach in which they combine HTN planning with partial-order planning (POP) [11]. POP refers to any
planning algorithm that can place two actions into a plan without specifying
which one comes first. The cognitive model also allows for POP, namely, sister
sub-goals of the type Gand can be achieved in an arbitrary order. Further, Russell
and Norvig argue that non-deterministic domains require conditional planning,
and executing monitoring and re-planning [11]. Our model involves conditional
planning by observation beliefs determining which goals become active, and execution monitoring and re-planning by sensing actions and belief updates.
In figure 2, fire-fighter G’s main goal to bring the incident to a succesful
end is divided into two sub-goals of the type Gand : to extinguish the fire and
to save the victim. In principle, if a goal with Gand sub-goals is active, all its
sub-goals are active, but only if the sub-goals do apply to the current situation.
For example, only when fire-fighter G in the scenario obtained the belief that
there was a victim the sub-goal to save the victim became active. Ideally, all
active sub-goals are aspired simultaneously, but this is not always possible due
to limited resources (e.g. there are insufficient fire-fighters available). The agent’s
model contains preferences for sub-goals in order to make choices between sister
sub-goals. In the scenario, fire-fighter G judged the sub-goal to save the victim
as more important than to save the building. Such preferences correspond to the
rules fire-fighters were trained to use.
Before G saw the victim, its only goal was to extinguish the fire and G had
to adopt either the Gxor sub-goal to use foam or to use water. Gxor sub-goals
are possibilities of which one option has to be selected to achieve the main goal.
In practice, one of the Gxor sub-goals will be the default way to achieve the
main goal. For instance, water is used to extinguish a fire, unless some special
circumstance arises, e.g. that there is no water. It should be noted that the xor
relation is biased, as one of the Gxor sub-goals is selected more often than the
others. Denoting a default sub-goal matches the way humans make decisions.
Literature on natural decision making [12], which concerns decisions in complex,
time-constrained, and sometimes stressful circumstances, stresses that humans in
these conditions do not consider all possible options and make a choice. Instead,
experienced decision makers use their experience deciding what to do, without
considering other options; only if they encounter problems with their first choice,
they will start considering other options.
If enough resources are available, all Gor sub-goals are adopted. When resources are constrained, only one or a few of the Gor sub-goals are adopted.
Beliefs about preferences define which sub-goals are adopted by default in the
last case. Subsequently, when one of the Gor sub-goals is achieved, all the others
are dropped.
When a goal with sub-goals of the type Gseq−i is active, the first sub-goal
of the sequence becomes active. After successful achievement of a Gseq−i goal,
the next sub-goal, Gseq−i+1 , becomes active. In our example, fire-fighter G has
to connect hoses (Gseq−1 ) before going to the house (Gseq−2 ) and successfully
putting water on the fire (Gseq−3 ).

4.2

Explanation of behaviour

For the generation of behaviour, the cognitive model is used in one direction:
from goals to sub-goals to actions. A trainee interacting with a virtual character
sees the actions of the character, but not its reasoning. If the trainee asks the
character to explain why he performed a particular action, the model is used the
other way: from actions to the underlying sub- and main goals. In an explanation,
the beliefs and goals that were responsible for a particular action are made
explicit. As the goal-tree was constructed according to the procedures in the
fire-fighting domain, these procedures will be part of the explanations. However,
a long trace of beliefs (observation and general) and goals can underlie one action,
but a trainee often does not need all information. Out of the many goals and
beliefs, the information that is most useful for the trainee needs to be selected.
The particular information that answers a trainee’s question depends on why
the trainee asked for an explanation. In the next two paragraphs, two ways in
which a trainee can be confused are described.
The first cause of confusion involves constructions with two goals that can be
achieved by the same action or that have a connection to the same sub-goal. In
the example, fire-fighter F does not understand why G runs to the house. Figure
2 shows that G’s action can be performed in order to achieve two different
goals, either to extinguish the fire, or to save the victim. Usually, by explaining
for which of the two (or more) goals the action was performed, the trainee’s
confusion will be resolved. In the example, G can explain his action by stating
that he ran to the house to save the victim. Another way would be to explain
the observation belief that triggered the goal, in this case the belief that there is
a victim. A third possibility is to provide the general belief why the observation
belief makes the agent adopt the goal; in the example, saving people has priority
over extinguishing fires.
Another type of confusion arises when, although the trainee understands for
which goal an agent executes an action, he is surprised by the approach the agent
takes. For instance, the trainee does not understand why an agent uses foam,
if water is available (e.g. because of a possible chemical reaction of water with
the substances involved). In such a case, it could be useful to ask the trainee
what action he expected the agent to execute. With that information, one could
go upwards in the goal hierarchy from the actual and the expected action, until
both reasoning lines meet. The provided explanation informs the trainee why
one and not the other line was chosen. Such an explanation could include an
observation belief, e.g. there is a sticker informing about the properties of the
burning substance, or a general belief, e.g. the picture on the sticker means that
the substance has a chemical reaction with water.

5

Implementation

The implementation of our cognitive model requires an agent programming language in which beliefs and goals are explicitly represented. Moreover, because

Fig. 3. The 2APL architecture extended with an explanation module

explanations often involve goals and beliefs, an agent needs the ability to combine the two and reason with them. For instance, if fire-fighter G had the goals to
extinguish a fire and save a victim, it would save the victim first. An explanation
of G’s action consists of more than just one goal or belief, namely, its two goals
and its belief about their priority.
We plan to implement our model in 2APL [13], a programming language in
which beliefs and goals are explicitly represented. Other languages that support
BDI agents are, for example, 3APL and Jason/AgentSpeak [14]. 2APL agents
can test whether they have a particular goal or belief, and add and delete them.
However, 2APL agents cannot reason about their own goals and beliefs, which
is crucial to the generation of explanations. Allowing an agent to reason with
its beliefs and goals would lead to modifications to them, which could result
in undesired loops. A solution is to add an explanation module to the 2APL
architecture. In such a module, an agent can reason with its goals and beliefs
without hindering the generation of actions by changing their original content.
Figure 3 shows 2APL’s architecture with a belief and a goal base (left part), and
an explanation module added to it (right part).
The generation of explanations in the explanation module is not arbitrary.
If beliefs and goals are distinguished, logical reasoning with the content of either beliefs or goals can be implemented, e.g. in a Prolog program. However, we
argued that combinations of goals and beliefs are needed for explanation generation. So an agent has to distinguish goals and beliefs from each other, but
also make connections between the two. Furthermore, agents should be able to
reason about the beliefs and goals of other agents, possibly even in a nested way.
This is more complicated to achieve in a Prolog program, and possibly other
types of logics, e.g. modal logic, would be required.

6

Related work

Section 2 already discussed some of the literature on explanation research in
general, here we will focus on self-explaining agents. One of the first systems in

which intelligent agents were able to provide explanations for their actions was
Debrief [15]. Debrief is implemented as part of a fighter pilot simulation and
allows trainees to ask an explanation about any of the artificial fighter pilot’s
actions. To generate an answer, Debrief modifies the recalled situation repeatedly
and systematically, and observes the effects on the agent’s decisions. With the
observations, Debrief determines what factors were responsible for the decisions.
In contrast to our approach, Debrief derives what must have been the agent’s
underlying beliefs. However, as illustrated by the example in this paper, different
reasons can be responsible for the same action. By making beliefs and goals in
the reasoning process explicit, the actual reasons for performing an action can
be given.
The XAI explanation component [16] was developed for a training tool for
commanding a light infantry company and allows trainees to ask questions after
a training session. The trainee can select a time and an entity, and ask the system
about the entity’s state, e.g. the agent’s location or his health, but not about the
motivations behind his actions. A second version of the XAI system [17, 18] was
developed to overcome the shortcomings of the first; it claims to support domain
independency, modularity, and the ability to explain the motivations behind
entities’ actions. This second XAI system is applicable to different simulationbased training systems, and for the generation of explanations it depends on
information that is made available by the simulation. Unfortunately, it was found
that most simulations do not represent agents’ goals, and action preconditions
and effects.
Another research area relating to our work is practical reasoning. In that
context, Atkinson, Bench-Capon and McBurney [19] proposed the following reasoning scheme to construct an argumentation for an action. In the current circumstances, we should perform action A, to achieve new circumstances S, which
will realize some goal G, which will promote some value V. Similar to our approach, Atkinson et al’s reasoning scheme provides the reasons why an action
was chosen. A difference is that they attach only one goal to an action, whereas
in our model goals can branch into sub-goals. Another difference is that in their
scheme states are represented as circumstances, and in our model states are represented in the beliefs of an agent. In complex environments, it is impossible to
represent all circumstances, so instead we used a set of beliefs from the agent’s
perspective. A final difference is that their scheme contains values, which account
for the fact that people may rationally disagree upon an issue. The differences
in Atkinson et al’s reasoning scheme and our cognitive model can be explained
by the purposes for which they are used, namely, practical argumentation and
generation of explanations of behaviour in the context of virtual training. Two
argumentation partners can have different standpoints without one of them being right; they discuss to persuade each other. In contrast, explanation is not
so much meant to change ones opinion as well as to provide insight. Especially
in the context of instruction, an instructor is supposed to be objective and his
explanations are assumed to be right.

7

Discussion and future research

In the present paper we have proposed a cognitive model for the generation and
explanation of behaviour. The use of explicit goals and beliefs in an agent’s reasoning process distinguishes our model from most other approaches of behaviour
generation. Moreover, explanations generated by other accounts of explaining
agents [15, 16] do not refer to the agent’s beliefs and goals. We showed that the
two types of confusions discussed in section 4.2 can only be clarified by referring to the agent’s internal reasoning process, which stresses the importance of
a representation in goals and beliefs.
The explanations generated by the model presuppose that the trainee already has basic knowledge about the domain. We made this assumption because
novices start with learning separate procedures, and only advanced trainees practice with scenarios in which different procedures have to be applied. In scenario
training, the trainee practices in giving priority to the right events and recognizing which procedures are required in which situation.
Effective training not only requires generating suitable explanations, but also
selecting the appropriate time and form of delivery. For example, it should be decided whether explanations are given when a trainee asks for it or on the agent’s
initiative. Further, they can be given only after completion, but also during a
training session. If so, the scenario could be paused or move on. Pedagogical
knowledge is needed to decide when and how feedback should be presented to
the trainee. However, these questions are beyond the scope of this paper.
The fire-fighting domain is characterized by many procedures, numerous aspects that have to be taken into account, and the requirement of fast decision
making. These characteristics also apply to domains as crisis management and
military command, so the cognitive model would also be useful in virtual training
systems for these domains.
In the future, we plan to implement the proposed cognitive model in 2APL.
The input of domain experts will be used for a more comprehensive cognitive
model than the example in this paper. Further, we plan to develop an explanation
module in 2APL, so that a 2APL agent can reason about its goals and beliefs.
Once the model has been successfully implemented, it can be connected to a
virtual training system for fire-fighting. Experiments with fire-fighter trainees
should show whether the generated behaviour of the virtual characters in the
training is believable, and whether the explanations they provide are useful.
Moreover, such experiments should provide more insight in general to an agent’s
believability and usefulness in training systems.
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