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1 Introduction
Virtual systems have become common training instruments in organizations such as the army, navy and fire
services. In most of the current systems instructors play a major role; they enter the effects of trainee actions
into the system, play the role of other characters in the scenario, and provide instruction, guidance and
feedback to the trainee. Cognitive models can be used to support instructors by autonomously generating
virtual character behavior. However, without knowing the reasons for an action, it is more difficult for
a trainee to understand the situation and learn from it. Some virtual training systems with explanation
components have been proposed, e.g. Debrief [3] and the XAI system [5, 1]. These components explain
a character’s actions by giving information about its state at the time it performed an action. However, the
explanations do not provide the character’s underlying motivations for its actions.

We propose a cognitive model based on BDI theory (belief desire intention) that is able to generate
character behavior and explanations. Because the character reasons and plans with BDI concepts, the model
is also able to generate explanations in terms of the characters’s beliefs and goals. Such explanations in high
level concepts are easy to understand for humans. Moreover, they not only provide information about the
character’s state, but yield insight in the reasons why it performed a certain action.

2 The Cognitive Model
Our approach resembles planning methods based on hierarchical task networks (HTNs) [4]. In HTN plan-
ning, 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 de-
composed until only primitive actions remain in the plan. In our model, initial plans, action decompositions
and primitive actions correspond to main goals, divisions of goals into sub-goals and actions, respectively.
Figure 1 represents the cognitive model of a simple virtual fire-fighter.

The virtual characters in a training scenario fulfil specific roles with corresponding goals and tasks. For
example, a dispatch center operator should properly inform others, a policeman ensure order and safety, and
a fire-fighter bring incidents to a successful conclusion. The characters maintain their overall goal during the
complete training session. To achieve their main goal, they have to adopt proper sub-goals, sub-sub-goals,
and finally perform the corresponding actions. The selection of goals depends on a character’s beliefs and
the relation between a goal and its sub-goals. Relations differ for example on the amount of sub-goals to be
achieved in order to achieve a goal (one or all), or the order in which sub-goals have to be achieved (fixed
or free order). The fire-fighter in our example has the beliefs Fire and Victim. Because it also has the belief
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Figure 1: The cognitive model of a fire-fighter

that extinguishing a fire has priority over saving a victim (Victim > Fire), it adopts the goal Save victim
and executes the action Go to house.

For the generation of behavior, the cognitive model is used from top to bottom and the result is a sequence
of actions. For the generation of explanations, the model is used 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. However, a long trace of beliefs and goals may underly one action, but a trainee often does not
need all information. A selection mechanism is needed to filter the most useful information out of the many
goals and beliefs. A possible heuristic is that an action which is part of different goals in the task hierarchy
is explained by the beliefs that were responsible for the selection of the current goal and not the other. For
example, the action Go to house in Figure 1 can be part of two goals and is explained by the character’s
beliefs Victim and Victim > Fire.

The implementation of the cognitive model requires an agent programming language in which beliefs
and goals are explicitly represented. Moreover, because explanations often involve goals and beliefs, it
should be possible to combine the two and reason with them. In the current BDI-based agent programming
languages, agents cannot reason about their own goals and beliefs. This has been avoided because modi-
fications to beliefs and goals in an agent’s reasoning process might result into undesired loops. We have
chosen to implement our model in 2APL [2] and make updates of the agent’s goals and beliefs in its belief
base. The updated goals and beliefs are strictly separated from the ’normal’ beliefs and do not influence the
generation of actions. They are only used for the generation of explanations.

3 Conclusion
We have proposed a cognitive model for the generation and explanation of behavior. The use of explicit
goals and beliefs in an agent’s reasoning process distinguishes our model from most other approaches of
behavior generation. Moreover, explanations generated by other accounts of explaining agents do not refer
to the agent’s beliefs and goals.
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