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ABSTRACT

Understanding why an agent acts in a certain way based purely on
its observed behaviour is not an easy hill to climb, especially when
explanations aspire to be reliable and interpretable. Despite the
growing body of research on Explainable Agency (XAg), existing
approaches to agent explainability often remain disconnected from
causal and teleological theories of explanation or rely on the strong
assumption that agents pursue a single goal or a set of independent
goals.

My thesis aims to develop methods to explain the reasoning
behind when, how, and why agents pursue and prioritise multiple
intentions, and how these intentions relate to one another.

We first discuss what we mean by explainability, and we intro-
duce a first step to extract the agent’s priorities from observed
behaviour. We then outline future directions for using this infor-
mation to support policy improvement and to infer inter-intention
relationships, and open a discussion on the boundaries of agent
explainability.
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1 EXTENDED ABSTRACT

Consider an Autonomous Vehicle (AV) navigating in an urban area.
While travelling along a road and preparing to shift to the middle-
left lane, a second vehicle suddenly attempts to merge from the
left (Figure 1). In response, the AV applies emergency braking and
halts. Alternatively, it could have decelerated smoothly, maintained
its velocity under the expectation that the merging vehicle would
yield, or adopted another evasive strategy. Each of these courses
of action represents plausible alternatives. Why, then, did the AV
behave the way it did?

As autonomous agents increasingly rely on complex and opaque
decision-making, explaining their behaviour sets out a technical
challenge and a legal requirement [7]. The field of Explainable Arti-
ficial Intelligence (XAI) aims to address this challenge by providing
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Figure 1: The AV (in red) is transitioning to the middle-left
lane of the road. During the manoeuvre, another vehicle
recklessly enters into the AV’s trajectory.

explanations that support the justification and accountability of
the system, assist its control and improvement, and encourage the
discovery of new knowledge [1].
Two fundamental properties can be identified for any explain-
ability system:
e Causality: An explanation of an observed behaviour is, in-
deed, the selection and presentation of causal factors behind
that behaviour, in response to a why-question [15, 20, 25].
o Conversationality: Since the act of explaining develops as a
conversation of questions and answers between an explainer
(e.g. the XAI model) and the explainee (e.g. a human user), it
must ideally conform to Grice’s conversational maxims, and
therefore be concise, reliable, relevant, and understandable
by the explainee [9, 13].

Most traditional XAI methods for supervised learning models
explain system decisions by highlighting input features, weights,
or pixels deemed relevant during the decision-making [2, 21]. How-
ever, these approaches fail to meet users’ needs and expectations [17],
not least when applied to Explainable Agency (XAg), the subfield of
XAI dedicated to explaining agent behaviour. This explanatory gap
calls for a refocus on the human explainee.

Humans explain others’ actions by attributing mental states
such as beliefs, desires, and intentions, and when the behaviour is
perceived as intentional, people most commonly cite the actor’s
intentions as the cause of the behaviour [4, 18]. Given people’s ten-
dency to anthropomorphise artificial agents [12], the explanatory
framework for human actions can be adapted for artificial agents,
positioning Teleology as a third pillar in XAg [8, 10].

Building on these properties, the ladder of intentions [6] has been
proposed to unify the explainability questions of agent behaviour.
This framework, built upon Belief-Desire-Intention (BDI) concepts,
decomposes the agent architecture into components at different lev-
els of abstraction, from the highest level (the designer’s intentions)
to the lowest level (the executed action). Each level represents the
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causes of the level below, and explanations can be extracted by
posing questions at each level. For example, starting from observed
actions (lowest level), XAg questions that arise are why an action
was chosen, and why the agent believed it would fulfil its policy or
plan of action according to its beliefs.

At a higher level, XAg queries concern why the agent was fol-
lowing a given policy and why it believed the policy fulfilled its
desires through the generated intentions. At a third level, expla-
nations concern the agent’s prioritisation among different desires,
asking why an intention was formed and why the agent believed it
satisfied its priorities.

Within the literature in XAg [19, 24], action-level explainabil-
ity queries have largely been addressed through importance-based
approaches, whereas fewer methods offer explanations apt to policy-
level questions. In previous work, a post-hoc explainability method,
Intention-aware Policy Graphs (IPGs) [5] was introduced as an in-
tuitive approach to teleological explanations, i.e. explanations in
terms of an agent’s purpose(s). An IPG is a probabilistic graphical
model constructed in a frequentist manner from observations of an
agent interacting within an environment. Each node of the graph
corresponds to a discretised state s, and each edge represents the
probability P(s’, a|s) = P(als)*P(s’|s, a) of transitioning from state
s to state s” upon executing action a.

A desire d hypothesised to guide the agent’s behaviour is for-
malised as the execution of a desirable action ay within a desirable
state region S;. The agent’s intention I;(s) to fulfil a desire d from
a state s is defined as the probability of reaching a state in S; and
executing ag, starting from s. This intention value is computed
as the sum of probabilities of all possible sequences of states and
actions (paths) starting from s and culminating in (s’, ag), where
s’ € S4.

Based on this approach, we applied IPGs to provide teleolog-
ical explanations for the behaviour of an AV in urban environ-
ments [22, 23], using data from real driving scenes. After defining
the vehicle’s possible desires (e.g. to stop at a stop sign or to allow
a pedestrian to cross), the method allows intention attribution and
the extraction of purpose-oriented explanations for global driving
behaviour and local driving decisions, as well as identifying anoma-
lous or undesirable conduct (e.g. ignoring stop signs). Consider the
scenario in Figure 1. Our method allows us to answer the question
"Why did the AV stop?" by retrieving the intentions attributed to
the vehicle at that state and identifying, with a quantifiable degree
of reliability, the motivation behind its behaviour. For instance, the
explanation might indicate that "The AV stopped because it had a
high intention to avoid collisions, and the action to stop brought about
that intention".

In our in-progress work, we aim to reach the third rung of the
ladder framework to explain why an agent selects and brings about
a particular intention based on the prioritisation of its desires, and
why those priorities influence the intention-selection process.

To illustrate the value of such explanations, consider the scenario
in Figure 1. The AV initially intends to execute a lane change to the
left (I;), while also maintaining safety (I,). When a second vehicle
unexpectedly enters the lane, the AV brakes abruptly. If an agent
is asked to explain its behaviour, the AV response would be: "T
initially intended to change lane and maintain safety, as I believed
these intentions could be pursued concurrently. Upon the detection of
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a nearby vehicle, I prioritised safety over lane-changing; therefore, I
stopped.”

State-of-the-art methods that elicit purpose-oriented explana-
tions (e.g. [3, 5, 11]) rely on the assumption that an agent pursues
a single goal, or the most probable one(s) among a set of goals.
However, an agent may deliberate to fulfil multiple intentions con-
currently within a single sequence of actions, or to prioritise one
intention over another, depending on its global and contextual pri-
orities, and on the relationships between its desires. To the best of
our knowledge, no method in the XAg literature addresses explain-
ability queries about multi-intention reasoning.

We begin by improving the current formulation of intention in
IPGs to distinguish between situations in which the agent is acting
or not optimally towards a desire. An intention of a desire I; is
defined as the probability of successfully fulfilling the desire, influ-
enced by two factors: the agent’s motivation towards the desire, and
its belief in the possibility of achieving it. This definition entangles
the desirability and the feasibility of reaching the desirable situa-
tion, since the increase in intention from one to another considers
both the agent’s choice (P(als)) and the environment dynamics
(P(s’|s, a)), limiting the explainee’s ability to discern whether a
high intention value arises from high desirability or high feasibility
(or both).

In ongoing work, we address this conflation with the concept
of potential intention. A potential intention of a desire Pl; is the
maximum intention value I that the agent can attain if it were able
to choose all actions until the desire is achieved.

Identifying which intention(s) an agent is actively pursuing sup-
ports the extraction of general and contextual priorities emerging
from action choices. In future work, this information will be used
to construct a graphical representation of inter-intention relation-
ships, including independence (pursuing I; does not influence I;),
conflict (pursuing I; hinders I;), and facilitation (pursuing I; helps
achieve I;) [14]. Furthermore, future work aims at using potential
intention values to identify suboptimal actions with respect to the
agent’s desires, and therefore to intervene on the graphical model
to improve the agent’s behaviour.

As we climb the levels of the ladder framework, the increasing
integration of Large Language Models (LLMs) into agent architec-
tures raises questions about the boundaries of agent explainability.
LLMs are trained to optimise autoregressive next-token prediction,
rather than learning the meaning of language [16], which limits the
reliability of causal threads between the model’s inputs and its out-
puts in order to produce teleological explanations. This motivates
new questions we aim to explore. How does the inclusion of LLM-
components in the agent architecture affect the reliability of the
explanations? Is it always possible to provide reliable explanations
for the behaviour of an artificial agent?
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