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Abstract. Belief-Desire-Intention (BDI) agents can make decisions that
are difficult to interpret from observed behaviour alone. We present Ex-
Plan, a trace-based methodology for generating contrastive explanations
of AgentSpeak agent behaviour, answering queries of the form “Why did
the agent do X rather than Y7”. Given an explanandum event and a
foil literal, Ex-Plan reconstructs the relevant decision context through
AgentSpeak plan structure (triggers and context guards), together with
a linear execution trace, and returns a minimal set of trace events that
witness where the foil became infeasible. This provides a post-hoc, trace-
based contrastive explanation grounded in an agent’s plan structure and
logged events. We evaluate the approach on three AgentSpeak scenarios
using structured execution logs, demonstrating how an action can be
explained in contrast to an alternative using specific, pivotal events in
the trace.
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1 Introduction

Autonomous agents are increasingly deployed in settings where understanding
why they act in certain ways is crucial for trust, safety and effective collaboration
with humans and other agents alike [6]. Explainability has therefore emerged as
an important property of Al and multi-agent systems. In particular, agents based
on the Belief-Desire-Intention (BDI) model offer a transparent decision-making
structure that can be leveraged for explanations. In a BDI agent, behaviour
results from the agent’s beliefs about the world, its goals (desires) and the plans
(intentions) it selects for execution [2|. This cognitive architecture inherently
records reasoning steps (for example, which plan was chosen to achieve a goal),
suggesting that BDI agents support explainability by design. A developer may
be satisfied with a low-level trace of events or a plan ID as an explanation for a
phenomenon, but an end-user needs an explanation in terms of domain concepts
with minimal unnecessary, implementation-level information |17, [11].
Moreover, human explanation-seeking is often contrastive by nature. People
typically ask “Why X instead of Y?” rather than simply “Why X?7” In other
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words, an explanation is sought relative to a plausible alternative outcome (a
foil) that did not occur. Cognitive studies show that focusing on the difference
between a fact and a foil allows explanations to pinpoint the relevant cause of a
discrepancy [12|. Effective explanations are also selective, in that they highlight
only the key factors among many that led to the outcome.

These insights from social science have been influential in recent explainable
AT research, but are not yet fully realized in many agent systems. In the context
of BDI agents, a contrastive question might be: “Why did the robot deliver a
package via Route A (which it did), instead of Route B (which I expected)?” A
satisfying answer should refer to the agent’s knowledge and goals, rather than
just citing implementation-specific variables or counters as one might see in
traditional debugging software.

In this paper, we propose Ex-Plan: a methodology for contrastive explanation
of BDI agent behaviour that combines the interpretability of BDI models with
the human-centric notion of contrastive, causal explanations. We specifically
focus on AgentSpeak, a well-known agent-oriented programming language [1}|13],
though the approach is applicable to any BDI platform with similar constructs.

Our goal is to support human-oriented explanation queries over agent exe-
cution logs: given an observed event in a trace (the explanandum) and a user-
specified alternative (the foil), we identify the plan that produced the observed
behaviour, a plausible foil plan that would realize the foil, and the minimal
set of discriminating preconditions that separate the two. We then ground each
discriminating condition to trace evidence, returning the specific belief/goal or
plan-selection events that witness where the foil became infeasible.

2 Background

This section reviews prior work on contrastive explanation, trace-based debug-
ging, and explainable agent systems that derive explanations from execution
logs.

2.1 Contrastive explanations

A central finding in explanation research is that many explanation requests are
implicitly contrastive. Questions of the form “Why P?” are often intended as
“Why P rather than @7’ where @ is a counterfactual alternative, commonly
called the foil [12|. The contrast arises from a mismatch between the explainee’s
mental model of the circumstances under which @ would occur and the actual
circumstances that produced P. While explanations that provide a broad context
may be accurate, they tend to add extra information that does not identify the
source of this mismatch.

In operational terms, a contrastive explanation aims to identify factors that
differ between the actual and foil situations, and that account for the divergence
between P and @) along the relevant causal or decision-making pathway. This is
illustrated in Figure [1} showing diverging histories between a real event and its
foil. For algorithmic treatments, it is useful to distinguish:
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Fig.1. Real and hypothetical event histories share a prefix (A-B—C) and diverge at
C to the realized event E versus the foil E’.

— the explanandum P, the observed outcome to be explained,
— the foil (), the alternative outcome of interest,
— the evidence basis, the source of truth that grounds the explanation.

In agent settings, contrastive queries commonly arise because internal state
and deliberation are only partially observable to an external stakeholder. An
explainee may expect ( on the basis of incomplete information, while the agent
produces P due to beliefs, events, or constraints not represented in that expec-
tation. Effective explanations therefore aim to surface the discriminating condi-
tions that separate P from @, while avoiding restating background facts already
shared by the explainee.

Recent BDI-specific evaluations support this emphasis on selectivity. Winikoff
presents a BDI explanation mechanism to answer explicitly contrastive queries,
reporting that they return significantly shorter explanations. A human-subject
study further finds scenario-dependent evidence that contrastive answers are
preferred and can increase trust, perceived understanding, and confidence in the
system’s correctness. Notably, the same study reports cases where full explana-
tions reduced confidence relative to providing no explanation, showing a practical
risk of overly verbose explanations, indicating the need for a minimal (yet suf-
ficient) information set within an explanation [14]. Since Winikoff’s method is
the closest prior approach to ours, we return to it in Section [3.9] when discussing
how Ex-Plan’s output differs from goal-plan trees.

2.2 BDI Agents and AgentSpeak

Belief-Desire-Intention (BDI) agents structure decision-making around explicit
symbolic attitudes: a belief base representing current information, goals and
events representing objectives and stimuli, and intentions representing com-
mitted courses of action. In AgentSpeak-style languages, behaviour is encoded
as plans of the form trigger : context < body |13|. A triggering event retrieves
candidate plans, the context condition filters for applicability against current be-
liefs, and the body executes actions and subgoals. Execution proceeds through
an event-option-intention cycle in which the agent selects an event, generates
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relevant options by trigger matching, filters by context, commits to a plan by
adopting or advancing an intention, and executes intention steps as beliefs and
goals evolve.

BDI systems are a natural supporting foundation for explanation, because
their operational semantics expose meaningful decision points that mimic human
reasoning |16}, |10]. Plan relevance and applicability, belief conditions that enable
or disable alternatives, and explicit goal and intention structure align closely with
the abstractions used by developers to discuss behaviour. Compared with opaque
learned policies or purely reactive controllers, BDI execution yields symbolic
state transitions and explicit alternatives that can be referenced directly when
explaining why one course of action was taken and another was not.

2.3 Log-based Explanations and Debugging

Explanations in software systems. and more specifically in agent-based systems,
are generated through a range of interaction and analysis paradigms, includ-
ing dialogue-based justification, trace-driven analysis, narrative abstraction, and
question-driven debugging interfaces.

Interrogative debugging systems such as the Whyline demonstrate that ex-
planation can reduce cognitive overhead by returning a focused slice of program
context that is sufficient to answer a user query [9]. However, these systems
are largely grounded in general-purpose control flow and data flow rather than
agent-specific constructs such as beliefs, goals, and intentions, and they do not
natively support explicit contrasts of the form “Why P rather than @Q7”. Other
prior works have introduced Whyline-style interrogative debugging methods to
agent-specific systems |15} 7], but have yet to introduce a question format that
compares an event to an alternative.

Dialogue-oriented explanation frameworks, such as that proposed by Dennis
et al., treat explanation as an interactive process. A user poses a query (for
example “Why action A at time T'?”) and receives a minimal justification, often
expressed in terms of a state fact such as a belief. The user can then iteratively
ask follow-up “Why?” questions to traverse earlier parts of the agent’s history
until the relevant mismatch is resolved [5|. Such approaches support adaptive
depth by allowing the explainee to control how far back the explanation chain
proceeds, and they leverage causal links in the event history to justify actions
and state changes. A limitation is that the user may need to perform substantial
manual exploration, potentially traversing long chains through repeated follow-
up questions before reaching the decisive factor.

A different line of work is shown in the multi-level explainability framework
of Yan et al., which performs post-hoc analysis external to the agent platform.
The approach logs substantial contextual metadata per event to enable inter-
pretation without requiring direct access to the runtime when generating expla-
nations [17]. In this setting, the explainer primarily enriches trace points with
surrounding contextual information and higher-level narrative structure, rather
than constructing explicit comparisons between behavioural alternatives.
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2.4 Summary and Implications

Prior work establishes three complementary points. First, contrastive expla-
nation theory represents an explanation request in terms of an explanandum
and a foil, with the goal being to find the differentiating factor between the
two [12]. Second, BDI agent programming exposes semantically meaningful de-
cision points, such as plan relevance, applicability, and selection, that naturally
support contrasts grounded in symbolic state and deliberation. Third, log-based
explanation and debugging methods demonstrate that traces can support retro-
spective interpretation through interactive justification, contextual enrichment,
and question-driven retrieval [5] [17}|9].

Taken together, these findings suggest that an effective explanation mecha-
nism for BDI systems should treat contrast as a first-class input, ground expla-
nations in agent-specific evidence, including beliefs, events, intentions, and the
plan library, and localize the divergence between observed and foil behaviours to
specific deliberation points in the execution trace. The remainder of this paper
builds on these implications by constructing contrastive, log-grounded explana-
tions that refer to the plan alternatives available at a decision point and the
conditions that prevented the foil behaviour from being realised.

3 Methodology: Contrastive Trace Analysis

Our methodology takes as input two components: (a) the agent’s execution trace,
and (b) a contrastive query consisting of an actual event (the explanandum) and
a foil literal. The output is a set of events that constitute the explanation. In
order to produce an explanation, we do the following:

1. Find the real plan instance mg responsible for the explanandum event.

2. Determine foil plan 7g, selected from candidate plans that could realize the
foil.

3. Find discriminating conditions A which are required as preconditions by 7p,
but not by 7g.

4. Locate divergence points D, mapping each § € A to the last traced event
that made the foil unreachable.

3.1 Inputs and Assumptions

— We assume a linear trace of timestamped events emitted by an AgentSpeak
agent. The trace includes, at minimum: belief additions/removals, goal addi-
tions/removals, plan selection events and action executions. Crucially, it also
includes plan loading events, (e.g. PlanAdded) that provide a plan’s trigger,
context (guard) and body as it is loaded into the agent’s plan library at
runtime.

— A query is a pair (E,F) where E is an event instance that occurred in
the trace (the explanandum) and F is a foil literal representing a plausible
alternative.
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+ask (owner ,beer) : true <- !'has(owner,bbeer).

; +stock(beer ,0) : true <- -available(beer,fridge).

5 +'has (owner ,beer)

not has(beer) & available(beer,fridge) & at(fridge)

<- .open(fridge); .get(beer); 'has(owner,b beer).

+!has (owner ,beer) : not at(fridge)
<- .move_towards (fridge); !has(owner ,6beer).

+!has (owner ,beer) : at(fridge) & not available(beer,fridge)
<- .order (beer,5) .

5 +'has (owner ,beer) : has(beer) & not at(owner)

<- .move_towards (owner); !has(owner ,hbeer).

+!has (owner ,beer) : has(beer) & at(owner)
<- .deliver (owner ,beer); -has(beer).

Listing 1.1. The Domestic Robot’s AgentSpeak code (Adapted from [§]).

Because plans are added at the beginning of an agent’s runtime upon loading
them from an initial set of AgentSpeak behaviours (such as from a .asl
file), we let IT be a static set of plans representing the agent’s plan library
after each plan is initially loaded. We assume the agent’s plan library is not
modified after this initialization phase, and IT remains static regardless of
the time at which it is observed.

Each plan in the library is denoted m with subscripts for specific plans. A
plan 7 has a trigger event te(w) and a set of literals guard(r). We define the
precondition set Pre(m) = {te(m)} U guard(w), where Pre(rm) includes the
triggering condition (which may be a goal or belief) and all context belief
literals that must hold for the plan to be eligible for selection.

The trace is modeled as a time-ordered series of events. While these events
can also be bucketed by the reasoning cycles during which they occur, we
consider only the linear ordering between them.

We assume that for any action execution in the trace, we can determine
which plan instance (intention) produced it, either by storing this context
within the event data or reconstructing the agent’s state at the time of
evaluation [4].

We now describe each step algorithmically. As a running example, we consider

a domestic robot operating in a home environment, similar to Jason’s Domestic
Robot example environment [8]. The example robot’s source code is presented
in Listing To make the running example concrete, Table [I] summarizes the
projected trace events relevant to the beer-ordering decision.
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Cycle Event Payload (projected)

—

BeliefAdded stock(beer,1)

1 BeliefAdded available(beer,fridge)

3 BeliefAdded ask (owner,beer)

3 EventSelected +ask(owner,beer)

3 PlanSelected pl (trigger +ask(owner,beer))
3 GoalAdded has (owner,beer) (intention 1)
4 EventSelected +!has(owner,beer)

4 PlanSelected p4 (trigger +!'has(owner,beer))
4 ActionExec move_towards(fridge) (intention 2)
8 BeliefAdded at(fridge)

8 BeliefRemoved available(beer,fridge)

8 BeliefAdded stock(beer,0)

8 PlanSelected p5 (trigger +!has(owner,beer))
8 ActionExec order (beer,5) (intention 4)

9 EventSelected +stock(beer,0)

9 PlanSelected p2 (trigger +stock(beer,0))

Table 1. Excerpt of the beer scenario trace (compact projection from the logs).

The robot maintains beliefs about its location (at (fridge) ), the availability
of items in the fridge (available(beer,fridge)), and whether the owner cur-
rently has an item (has (owner,beer)). When the owner requests beer, the robot
travels to the fridge and can either fetch a beer (get (beer)) if one is available,
or place an online order for beer (order (beer,5)) when the fridge is empty. In
this scenario, the robot has placed an online order for beer. The user questions
why the robot performed this action (the explanandum F), rather than getting
one from the fridge (the foil F').

3.2 Identifying the Real Plan

The first step is to find the plan instance wr under which the actual event F
occurred, as outlined in Algorithm [I] £ can be any type of event within the
agent’s reasoning process, such as an action, belief update or subgoal achieve-
ment. Actions are likely to be the most common case, since user queries often
center on observable behaviour.

The algorithm first checks if a link exists within the trace G that connects the
event E to its parent plan. We use a helper function ParentPlan(E, G) to denote
this, returning the associated plan. If such a link does not exist, the algorithm
searches for the most recent plan selection event prior to E’s execution that
matches its intention and returns this plan.

In our example, Algorithm [I]identifies wr as the plan related to giving a beer
to the owner when the fridge is empty:
+'has(owner,beer) : at(fridge) & not available(beer,fridge).

3.3 Retrieving Candidate Foil Plans

Next, we gather plans that could have produced the foil event F. We do this
through static analysis, by searching through the plan library for plans whose
bodies contain a literal matching F'. This can be represented formally as follows:

IIp ={w €Il | F € body(m)}
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Algorithm 1 Identify the plan instance responsible for an actual trace event.

Input: event instance E; event trace G
Output: plan instance mg responsible for E, or L

1: function FINDREALPLAN(E, G)

2 if ParentPlan(E, G) # null then

3 return mr < ParentPlan(E, G)

4 else

5: t + time(F)

6: TR < 1

7 for all events e in G in reverse-chronological order starting from ¢ do
8: if e.type = PlanSelected and Intention(E) = Intention(e) then
9: mr < SelectedPlan(e)

10: break

11: end if

12: end for

13: return mg

14: end if

15: end function

The applicability of these plans is addressed later.

One point worth noting is that this algorithm returns a set IIr, meaning a
foil can have more than one candidate plan. Since our methodology hinges on a
direct comparison of a real and foil plan, we address this concern next.

3.4 Selecting the Optimal Foil Plan

If there is only one candidate plan for F, we take that as mp. However, if there
are multiple, we assume the user’s implicit foil is the one most analogous to what
actually happened. We use the idea that the preconditions for the explanandum
and the foil differ minimally, except for some key differentiators. Thus, we select
the plan whose context is most similar to mp.

Let B = Pre(mr) denote the trigger and guard literals of the real plan. We
select the foil plan whose preconditions are the most similar to B:

mp = arg max similarity(Pre(w), B). (1)
wellp

Here, we use a generic similarity(A, B) function to represent any function that
returns a value based on the similarity between two plans’ sets of preconditions.
For example, similarity could be defined as Jaccard similarity I‘:Bg}. Another
approach could be to penalize differences (e.g. |A\ B| + |B \ A|) and choose
the plan with the minimum distance. In either case, we rank the candidates and
choose the closest one to mg. It is worth noting that in many cases, the number

of relevant conditions in these plans is small, so a simple comparison suffices.
Another point worth keeping in mind is that this method does not check the
relevance of each wr at the selection time of mgr, and does not account for foils
with a deeper relation to mg (which could stem from earlier in the event trace
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than 7g’s selection). To maintain the scope of this methodology, we leave these
foil plan selection methods to future work.

In our domestic robot example, Ex-Plan selects mp as plan p3 for the same
trigger, whose context includes available(beer,fridge) (and at(fridge)).

3.5 Finding the Discriminating Conditions

Given mg and 7, we compute the set difference of their precondition sets:
A = Pre(mp)\ Pre(mg). This returns the conditions required by the foil plan that
were not required by the actual plan. Given that mr was executed at runtime
instead of mr, we can state that each precondition of mz was met, while a subset
of the preconditions of 7z did not. Therefore, any condition that 7z has and 7g
does not, if not true, could have blocked the execution of of 7p.

A= Pre(wF) \ Pl’e(ﬂ'R). (2)

For the domestic robot, the discriminating condition is the single literal
available(beer,fridge), as this precondition is present in 7p, but not mg.

3.6 Finding Divergence Points

By this stage, we have a set of preconditions for the foil plan that may have
acted as blocking conditions, preventing its execution at runtime. While this list
of predicates might be appropriate for someone manually debugging the agent’s
behaviour, it fails to indicate an exact moment in the agent’s runtime that caused
the preconditions to be unmet.

In order to provide this missing piece of information, we search the trace for
the moment or event that determined the satisfaction of each literal § within
A. We do this by finding the most recent event in the trace that established
the non-satisfaction of § prior to when mg was selected. We refer to this as the
divergence event ¢, part of the set of all divergence events C' corresponding to
A.

Formally, if Tk is the selection time of mr, we search for an event ¢ in the
trace at time ¢ < TR, such that:

— The set of literals modified by ¢ includes 4.
— Immediately after ¢, the condition ¢ is not satisfied.
— There is no later event prior to Tg that also affects the satisfaction of §.

We define the divergence map D, such that, foreachd € D ande € G,d = ¢
if and only if e is the most recent event in G prior to T which satisfies the prior
conditions.

This definition outlines that a divergence point should be the last trace event
that “made the foil impossible” (with respect to §) before the agent selected the
real plan.

The predicates affects(e, §) and UnsatisfiedAfter(d, e, G) are trace-dependent.
In the minimal case, affects holds when e is a belief addition/removal mention-
ing 0 (or its negation), and UnsatisfiedAfter can be checked by replaying belief
updates up to just after e.
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In our example, we take the condition available(beer,fridge) and trace
backwards to the latest event removing it:
(78, BeliefRemoved(available(beer,fridge)). Thisindicates that the robot
perceived a lack of beer in the fridge, invalidating the belief that a beer is avail-
able.

3.7 Assembling Explanation Trails

The divergence map D identifies, for each discriminating condition ¢, a single
trace event that last established §’s failure before mrp was selected. To present
this in a compact, contrastive form, we output a short trail per § that ties that
divergence to (i) the selection of mr and (ii) the explanandum event E.

When the trace records enough structure, we optionally augment the trail
with causal hints around the divergence event. For example, if the divergence
event is a belief update, we can search backward for a plan-selection event whose
plan body could plausibly have produced that update (e.g., by containing an
action or internal event that adds/removes the relevant literal). This yields an
implementation-level but still plan-grounded “because” chain.

We use helper functions and predicates for trail augmentation. First,
CanAugment(c, G) holds when the trace contains sufficient provenance structure
to connect the divergence event c¢ to an earlier plan-selection event, for example,
through intention identifiers. Second, FindEffectPlanSelection(c, d, G) returns the
most recent plan selection event sel. before ¢ such that the selected plan belongs
to the same context as ¢ and its body contains a step that could account for the
state change in § observed at c.

In the minimal trace-only setting, CanAugment is false and each trail reduces
to [c, selr, E]. When intention links are available, FindTriggerEvent can follow
them to report the event that introduced the intention containing sel..

To complete the example, Ex-Plan shows that the reason the robot per-
formed order(beer,5) in lieu of get(beer) was due to the removal of the
available(beer,fridge) belief, which led to the selection of the explanan-
dum’s plan, p5.

3.8 Algorithmic Complexity

We summarize the asymptotic cost of Ex-Plan in terms of the trace length |G|
(number of logged events), the number of plan schemas |II|, and the average
plan body length L. Let |Pre(w)| denote the size of a plan’s precondition set
(trigger plus context/guard literals), and let ITp C II be the set of candidate
foil plans returned by Section 3.2.

Identifying the real plan. Finding the plan instance 7wy responsible for the
explanandum event FE is a bounded backward scan over the trace until the match-
ing PlanSelected event is located (or an equivalent parent link is used when
available). This step is O(]G|) in the worst case.
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Algorithm 2 Assemble contrastive explanation trails grounded in trace evi-

dence.

Require: Explanandum event F; real plan mr and its selection event selr; divergence
map D; trace/event graph G

Ensure: A set of explanation trails S, one per § € dom(D)

1: S+ ]

2: for all 0 such that § € dom(D) do

3: trail < []

4: ¢ <+ D[0]

5: append c to trail

6: if CanAugment(c,G) then

7 sel. < FindEffectPlanSelection(c, §, G)
8: if sel. # 1 then

9: trig. < FindTriggerEvent(sel., G)
10: prepend trig. then sel. to trail
11: end if

12: end if

13: append selr then F to trail
14: append (4, trail) to S

15: end for

16: return S

Retrieving candidate foil plans. Candidate retrieval scans each plan body
for a step that unifies with the foil literal F. Without indexing, this is O(|II|- L).
In an implementation, a simple index keyed by predicate symbol (or functor) can
reduce this to near-constant lookup.

Selecting the optimal foil plan. When multiple candidates exist, Ex-Plan
ranks them by similarity of precondition sets. This comparison is O(|IIf|-|Prel),
and is typically small in practice, since AgentSpeak context guards tend to con-
tain few literals.

Computing discriminating conditions. The discriminating set
A = Pre(np) \ Pre(mg) is a set difference over small sets and is O(|Prel).

Finding divergence points. For each § € A, Ex-Plan searches backward from
the selection time T of mgr for the most recent event that both affects ¢ and
yields § unsatisfied immediately afterward. In the worst case, this is O(|4]-|G]),
though the AFFECTS predicate substantially filters candidate events in typical
traces.

Assembling explanation trails. Trail construction is linear in the number of
discriminators and the (usually short) retrieved ancestry around each divergence
event. In the minimal trace-only setting, each trail reduces to [c, selg, E], making
the cost effectively O(|A|) plus the cost of retrieving the recorded links.
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Overall. The dominant terms are O(|II| - L) for candidate retrieval and O(]A|-
|G]) for divergence search. Given that |A| and IT are commonly small, Ex-Plan’s
runtime is driven primarily by trace length, while avoiding full counterfactual
simulation.

3.9 Comparison with Goal-Plan-Tree Explanation

A closely related method is Winikoff’s recent account of contrastive explanations
for BDI agents |14]; the domestic robot example helps clarify both the overlap
and differences with our approach.

Winikoff’s approach operates over a goal-plan tree abstraction of a BDI pro-
gram. In that representation, goal nodes encode the agent’s possible courses of
action, action nodes encode executable steps and conditions determine which
alternatives are available at a decision point. Given a goal-plan tree, an exe-
cution trace T, an observed action X and a foil F', the method computes an
explanation for X as a set of explanatory factors, composed of beliefs, desires
and valuings (context-specific preferences) [14]. Then, factors that are shared by
both the action X and the foil F' are removed, leaving only those factors that
distinguish why X was selected instead of F'.

For the query “why did the agent do order (beer,5) rather than get (beer)?”,
the local AgentSpeak plan context within our example can be seen as analogous
to the corresponding local goal-plan-tree decision in Winikoff’s setting. Com-
bined with the presence of the event trace, this suggests that the explanations
provided by both approaches are grounded in the agent’s behavioural patterns
and the series of events that occurred during its runtime.

However, Winikoff’s method takes an action and derives an explanation in
terms of beliefs, desires and valuings (indicators that one low-level alternative
was preferable to another), before applying a filter to retain only the factors that
differentiate the explanandum from the foil. An explanation in this form would
start as the literal

{D : has(owner, beer), B : at(fridge), B : not has(beer), B : not available(beer, fridge)}

before being filtered down to just {B : not available(beer, fridge)}; the shared
contexts between the explanandum and foil having been removed.

The two methods therefore often arrive at a similar explanatory conclusion,
namely, the foil failed because a condition required by the foil was not satisfied.
However, the methods differ in how the explanation is structured and grounded.
Winikoff’s method returns an abstract set of explanatory factors, such as {B :
not available(beer, fridge)}, derived from an abstract goal-plan tree and filtered
by the foil. Ex-Plan works directly within the AgentSpeak setting, reusing plans,
triggers and context guards directly from the agent’s runtime. Ex-Plan identifies
available(beer, fridge) as the missing condition for the foil plan, but returns the
relevant trace events showing when and how that belief was removed.

4 Experimental Evaluation

This section describes a series of experiments investigating the effectiveness of
Ex-Plan in generating accurate, contrastive explanations of agent actions. We



Ex-Plan: Contrastive BDI Explanations Through Plan Analysis 13

evaluate Ex-Plan using MicroASL, a lightweight AgentSpeak/BDI framework
designed to execute AgentSpeak-style plans with timed external belief additions
and emit structured execution traces from the agent. E|

MicroASL provides deterministic control over the agent’s runtime and a sta-
ble log schema (JSONL) capturing plan loading, plan relevance/applicability
checks, plan selection, belief updates, goal adoption, and action execution. Main-
stream AgentSpeak frameworks such as Jason [1], while versatile for real multi-
agent scenarios, make it difficult to inject scripted perceptions into an agent’s be-
lief base without the use of a fully-implemented environment class. Despite this,
Ex-Plan’s methodology operates on higher-level AgentSpeak concepts, making
it framework-agnostic, provided that the framework provides adequate traces of
an agent’s execution.

4.1 Test Scenarios

We evaluate Ex-Plan’s explanations on traces gathered from the runtimes of
three AgentSpeak programs:

— Domestic robot. See Section (3.1} we reuse the same scenario implemented
as an agent-based program.

— Cleaning robot. A robot cleans each room in its house. The robot normally
cleans rooms in sequence, but can skip a room when it is crowded.

— Autonomous vehicle. An autonomous vehicle proceeds along a trip to
drive its occupant home. The vehicle usually turns right at a specific inter-
section but may change its route after receiving a traffic update.

In each scenario, the agent performs an action that may be deemed unusual
by a third party due to underlying behaviour in the agent’s AgentSpeak plans:

— The cleaning robot is notified of the presence of heavy foot traffic in the
dining room, causing it to skip the dining room and proceed to clean the
kitchen next instead.

— Before arriving at an intersection, the vehicle is notified of traffic to the
right of that intersection. Rather than turning right, along its usual route,
the vehicle opts to turn left instead.

For each scenario, we make a contrastive query to Ex-Plan, requesting an
explanation for the action in comparison to the expected foil behaviour:

— Domestic robot:
e Explanandum: Event order (beer,5)
e Foil: Literal get (beer)
— Cleaning robot:
e Explanandum: Event clean(kitchen)
e Foil: Literal clean(dining)
— Autonomous vehicle:
e Explanandum: Event intersection_turn(left)
e Foil: Literal intersection_turn(right)

! Code, traces, and reproduction scripts are available at https://github.com/
110Percent/ex-plan-py and https://github.com/110Percent/microasl.


https://github.com/110Percent/ex-plan-py
https://github.com/110Percent/ex-plan-py
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4.2 Results

Domestic Robot: In our running example, the contrastive query asks why
the agent executed order (beer,5) instead of get(beer). Qualitatively, Ex-
Plan produces a minimal contrast: the foil requires that beer is available in
the fridge, but the trace shows that no beer was available, causing the agent
to fall back to its behaviour of ordering more. In our implementation, a TUI
produces a structured output for this query, including the selected foil plan,
unmet discriminating condition and the trace event that invalidated it.

Cleaning Robot: The contrastive query asks why the agent executed
clean(kitchen) instead of clean(dining).

Query. Explanandum event E = clean(kitchen) with foil
F = clean(dining).
Real plan 7p.

e 7R set to the plan associated with cleaning the kitchen, with the header
+!clean : next_room(kitchen).

e Pre(mg) = {!clean, next_room(kitchen)}.

— Foil plan 7p.

e 7r identified as the plan associated with cleaning the dining room, as-
suming no foot traffic:
+!clean : next_room(dining) & not foot_traffic(dining,high)

e Pre(nmp) = {!clean, next_room(dining),
not foot_traffic(dining,high)}.

Discriminators A = Pre(np) \ Pre(ng).
e §; = next_room(dining).
e 5 =not foot_traffic(dining,high).

Divergence events.
e For §; = next_room(dining):
* Divergence event: BeliefRemoved next_room(dining).
e For o = not foot_traffic(dining,high):
* Divergence event: BeliefAdded foot_traffic(dining,high).

The foil plan requires both that the dining room is next and that it is not
crowded, demonstrating the need for Ex-Plan to handle foil differences with
multiple discriminators. The trace contains an explicit crowding update and
the consequent revision of the next-room belief, which grounds both discrim-
inators and makes the dining foil plan inapplicable before mg is selected and
clean(kitchen) executes. The returned trail indicates that the cleaning robot
skipped the dining room as a result of being notified of heavy foot traffic in the
area.
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Autonomous Vehicle: The contrastive query asks why the vehicle executed
intersection_turn(left) instead of intersection_turn(right).

— Query. Explanandum event E = intersection_turn(left) with foil F =
intersection_turn(right).
Real plan 7p.
e 7R set to the left-turn plan: +'handle_intersection(I)
: route_choice(I,left)
e Pre(mp) = {handle_intersection(I), route_choice(I,left)}.
— Foil plan 7p.
e 7 identified as the right-turn plan:
+!handle_intersection(I) : route_choice(I,right).
e Pre(np) = {handle_intersection(I), route_choice(I,right)}.
Discriminator A = Pre(np) \ Pre(ng).
e § = route_choice(I,right).
Divergence event.
e Divergence event: BeliefRemoved route_choice(i42,right).

The right-turn foil requires route_choice(I,right). The trace records an
upstream heavy-traffic update that triggers reconsideration and removes the
right-route choice; later, 7z becomes applicable and the agent executes the left
turn.

5 Conclusion

We presented Ex-Plan, a post-hoc, trace-based framework for answering con-
trastive “why” questions about AgentSpeak BDI agent behaviour. The experi-
ments demonstrate that Ex-Plan can recover contrastive, plan-grounded expla-
nations from logs in a way that remains faithful to the BDI decision model. In
each scenario, Ex-Plan highlights minimal differences between the observed be-
haviour and a plausible alternative, and it anchors these differences to specific
prior events that made the foil unattainable at the decision point. This provides
a compact bridge from a user’s question to concrete evidence in the event trace
and plan library, providing an appropriately contextualized response.

5.1 Limitations

Ex-Plan assumes that the conditions relevant to plan applicability can be recon-
structed from events explicitly recorded in the agent’s log trace, such as belief
additions, removals, percept updates, and plan-selection events. This assump-
tion can fail when an AgentSpeak interpreter supports rules (Horn clauses) in
the agent program, as in supersets such as Jason [1]. In such cases, a condition
may hold or fail as the result of a derived rule value rather than a directly logged
state change. To support these settings faithfully, rule-level updates would need
to be recorded in the trace, either by extending the runtime framework to log
them explicitly or by inserting equivalent update events at the time of evaluation.
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A second limitation involves how Ex-Plan identifies and compares foil plans.
The current approach selects an optimal foil from candidate plans using a heuris-
tic based on overlap in triggering events and guard conditions. This is suitable
for decision-local contrasts, but it does not fully capture deeper notions of rel-
evance that depend on the goal-plan tree or on relationships involving nested
intended means. As such, Ex-Plan currently assumes that the real plan 7 and
foil plan mr can be treated as local alternatives for the queried contrast. Cases
in which the apparent foil is related only indirectly to mg, or through a more
distant context, are therefore not handled completely by this method.

Furthermore, Ex-Plan shows counterfactual contrasts through foil inappli-
cability at the point where 7y is selected. If multiple plans, including the foil,
are applicable at that decision point, then the contrast depends not only on
which conditions held, but also on the agent platform’s plan selection function.
Accounting for this requires that the framework record the reason a plan was se-
lected, such as ordering, priority, or other tie-breaking behaviour. Without such
information, the explanation can identify why a foil was blocked, but not always
why one applicable plan was preferred over another.

Finally, Ex-Plan takes input as a contrastive query (F, F') and therefore as-
sumes that the foil F' is given by the explainee. In practice, the relevant foil
may be implicit, underspecified, or unknown to the user, especially when several
plausible alternatives exist at the decision point or when the agent’s vocabulary
is not transparent to the explainee. This limits Ex-Plan to explicitly contrastive
queries. An extended approach would require inferring or proposing candidate
foils so that the framework could answer open-ended “Why E?” questions di-
rectly, which we leave to future work.

5.2 Future Work

A principal direction for future work is automatic foil generation for open-ended
queries. Ex-Plan currently assumes the foil literal is provided; in practice, many
users may instead ask open-ended “why not” questions. Foils can be proposed
from decision-local alternatives at the relevant deliberation point (e.g., other
relevant /applicable plans and their salient effects), expectation-driven baselines
learned from typical plan choices under the same trigger, and other potential
user-model constraints that capture what the explainee expected to hold in the
state.

While the post-hoc explanation capabilities provided by Ex-Plan are useful
for debugging behaviour after it has occurred, it may also be useful for a user
or other agent to perform a query “online,” while the agent is still running. In a
similar fashion to another approach by Broekens et al, [3] Ex-Plan could produce
explanations on the fly, using a snapshot of the event trace as it is generated.
However, because queries need to point to specific event instances, performing
online queries may be difficult for a human to do in real time, hence the need
for a harness or interface which facilitates quick and easy event selection.
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