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Abstract

As the complexity of software systems rises, explainability - i.e. the ability of systems to
provide explanations of their behaviour - becomes a crucial property. This is true for any Al-
based systems, including autonomous systems that exhibit decisionmaking capabilities such
as multi-agent systems. Although explainabil- ity is generally considered useful to increase
the level of trust for end-users, we argue it is also an interesting property for software engi-
neers, developers, and designers to debug and validate the system’s behaviour. In this paper,
we propose a multi-level explainability framework for BDI agents to generate explanations
of a running system from logs at different levels of abstraction, tailored to different users and
their needs. We describe the mapping from logs to explanations, and present a prototype tool
based on the JaCaMo platform which implements the framework.

Keywords BDI agents - Explainable Al - Debugging

1 Introduction

Explainability emerged in recent years as an important desired property for artificial intelli-
gence (Al) based systems [1]. While the term is more prominently employed to describe the
process of extracting human-understandable explanations from Machine Learning models to
improve the users’ level of trust or allow developers to gain insights into the learned param-
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eters [2], the field of Al is much broader and includes many other kinds of systems that may
benefit from the ability to generate such explanations.

Among these Al-based systems, agent-based systems play a prominent role [3]. In this
context, explainability mainly concerns the capability for human users to get clear explana-
tions about the decisions and actions autonomously taken and performed by agents. Such a
capability can be considered important not only from an end-user perspective, but also from
an engineering one. For instance, developers can exploit explanations to save them time in
spotting and understanding problems during agent debugging and fine-tuning.

When adopting an engineering perspective, the agent model and architecture adopted
can have a strong impact on explainability. In particular, high-level cognitive models and
architectures such as Belief-Desire-Intention (BDI) [4] support explainability by design [5,
6], in principle. This has been clearly recognized in literature by different approaches in
the last two decades, including works about exploiting explainability for debugging BDI
agents [7, 8], and validating BDI agent’s behaviour [9]. Existing works based on BDI agent
programming languages and platforms typically exploit traces generated by the agent at
runtime, and build explanations based on the specific operational semantics on which the
specific agent programming language is based. This effectively limits the expressiveness of
explanations, as the level of abstraction is strictly tied to the adopted agent programming
language. Although the explanations can be fairly understandable for developers who are
used to work with the agent programming language, they are much harder for end-users to
understand them.

In this paper, we recognise that explanations of agent-based systems can be used by differ-
ent kinds of users and for different purposes, from developers working at the implementation
level—i.e., using a specific agent programming language—to designers and engineers who
may want to abstract from details of the specific technology and focus more on the archi-
tectural level, to finally the domain experts and end-users, who focus on the functional and
non-functional requirements of the system as a whole, viewing it as a “black-box”.

Following this perspective, in this paper we introduce a multi-level explainability frame-
work, which allows for defining explanations at different levels of abstractions, corresponding
to different kinds of users. In particular, we identified three main hierarchical levels: an imple-
mentation level at the bottom, targeting developers; a design level in the middle, targeting
designers; and a domain level at the top, targeting end-users. BDI is taken as main mod-
el/architecture reference at the design level, and Jason [10] as programming language at the
implementation level—even if the basic principles behind the general idea are independent
of the specific agent model/architecture/language adopted.

The framework is based on a process that starts from the execution traces of Jason agents,
captured at runtime into logs, generating then narratives at the proper level of abstraction
from the logs, and finally explanations given users’ questions about the narratives.

The approach is modular: the generation of a narrative at some upper level is based on the
information coming from the lower level, but both abstracting from details that are not relevant
at the upper level and enriching them with specific semantic knowledge that characterises
such upper level.

In order to evaluate and apply the framework in practice, we developed a first prototype of
an explainer. The tool can produce explanations at two different levels of abstraction: at the
implementation level, targeting developers using concepts that are familiar to Jason program-
mers, and at the design level, targeting designers that use abstract cognitive concepts that are
familiar to any BDI agent expert. The third and final level of explanation, the domain level,
is not achieved in this prototype, as it requires further alignment with other methodological

@ Springer



Autonomous Agents and Multi-Agent Systems (2025) 39:9 Page 3 of 42 9

processes to collect and further inject domain knowledge into the explainer component. We
discuss this limitation in Sect. 6 and leave further exploration for future works.

The remainder of the paper is organised as follows. First, in Sect.2 we discuss the related
work on explainability for autonomous agent systems. In Sect.3 we introduce the general
idea of generating explanations at multiple levels of abstraction with a running example that
will be used in the whole paper. In Sect.4 we formalise and describe the general process
required to build the “multi-level” explainer, taking Jason programming language and the
JaCaMo platform as the technology for this prototype. In Sect.5 we describe the actual
prototype implementation and show usage examples. In Sect. 6 we discuss current limitations
and perspectives for future works. Finally, in Sect.7 we summarise the outcomes of our
contribution.

2 Related work

In existing research on explainability, there is significant interest in Al systems [1], commonly
referred to as eXplainable Al (XAI). While much of XAl research concentrates on machine
learning systems and data-driven approaches to explain their black-box algorithms, there is
also a substantial body of work dedicated to goal-driven XAlI. This area particularly concerns
autonomous agents, which aims to explain their decision-making processes and underlying
reasoning [11, 12]. Existing research demonstrates that providing explainability features to
the systems can be useful for several purposes both from a software engineering perspective
and a user perspective. Our focus is specifically on BDI agents [4, 13], where explainability
can be gained using folk psychology constructs [14].

In our analysis of the related works in this field, we find that explainability features have
been used for different purposes and in different phases of the engineering process of an
agent-based system.

In the context of debugging, several approaches use a logging mechanism to record
the agent-based system’s execution and then elaborate to provide explanations to increase
its understanding. The idea is supported by omniscient debugging [15, 16], which allows
developers to navigate through the history both forward and backwards without having to
re-execute the program to find the root cause of an error. Given the system’s trace, a range of
works exploits a set of “Why? Questions” following the Whyline [17] approach for debug-
ging Multi-Agent Systems (MAS). The idea is to allow developers to ask questions about
the agent such as “why does it (not) believe something?” or “why does it (not) do a certain
action?” and receive explanations for the choices that led to these events [7-9]. A similar
work proposes explaining BDI-based agents through user dialogues [18] to help identify
disagreements and highlight errors. Complementary approaches present the agent’s concepts
through visual methods such as concept graph [19, 20], relational graph [21] between the
agent’s concepts, or tree of goals and sub-goals [22] supporting the debugging scenarios.

Focusing on the testing and validation of the system, explainability is encoded in the
high-level description of the expected system’s behaviour under the assumption that such
descriptions should improve the level of explanation of the non-compliant behaviour. Use
cases [23] are great for representing the system’s behaviour and scenarios under various con-
ditions as requested by stakeholders. Carrera et al. [24] introduce the BEAST Methodology,
an agile testing methodology based on Behaviour Driven Development (BDD), aimed at
improving the collaboration between stakeholders and developers and automatically convert
behaviour specifications into unit tests to verify system execution with explainable testing
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setting. Similar work is presented by Rodriguez et al. [25] who define the description of the
system starting from user stories (i.e., stories from the user’s perspective) that map to system
stories (i.e., stories from the system’s perspective) and associate with acceptance criteria.
During the development phase, system stories are mapped to agent stories [26] capturing
goals, plans, beliefs, and percepts to test whether they meet the requirements through the
acceptance criteria [27]. Rodriguez et al. [28] also advocate the need for design patterns to
develop explainable by design agents, providing in-built explainability for multi-agent sys-
tems based on goal-oriented behaviour. Winikoff [29] augments this concept by stating the
need for an explanation from a single component to whole multi-component systems. He
proposes an architecture that assigns an explainer agent to each system component requiring
explanations, enabling users to ask questions and receive answers from the explainer agents.

Although several research studies have investigated explainable agents for specific pur-
poses, there is a lack of work that adapts the explainability to different classes of users.
For instance, experts use the explanations more to resolve anomalies and verify the sys-
tem’s behaviour, focusing on technical details [30], whereas end-users are more interested
in understanding the systems’ functioning and receiving meaningful information alongside
their output [31]. Most research in explainability in MAS focuses on a single agent producing
a single explanation for a single purpose. In our research, we aim to integrate the benefits
of explainability by providing multiple levels of abstraction tailored to the specific needs of
different user levels.

3 A multi-level perspective on explainability

Compared with related works which generally focus on a single level of explanation, our
research introduces a different approach by presenting an explainability framework for BDI
agents that deals with multiple levels of abstraction. Different levels can be used for differ-
ent purposes by users playing different roles over the lifecycle of a MAS, from design to
programming to final deployment and execution.

3.1 Different roles, different explanations

We start from the idea that explanations in the MAS community have been used either as sup-
port for comprehending the behaviour of arunning system [19, 21] or for software engineering
processes such as collaboration with designers and domain experts [24], debugging [8, 15,
16, 22, 32, 33], as well as testing and validation of agent behaviours [24-27, 34].

All of these use cases require dealing with different levels of abstraction in the generated
explanation since they target users playing different roles that are associated with different
needs and objectives. Specifically, the roles that we target are:

e Developers, for supporting the development of the MAS on a technical level. The expla-
nation needs to be detailed enough to provide a complete view of the inner workings and
tailored to the specific technologies that are used to implement the MAS.

e Software Designers/Architects, including also designers who need to understand the
system’s behaviour for effective collaboration with stakeholders, check compliance with
requirements and formulate new ones. The level of explanation for this role needs to be
more abstract because the technological details are not relevant.
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e End Users, not familiar with the technological aspects of the system and only interested
in what the system is doing. The explanation should be related to system requirements
and domain specifics that they can understand.

Identified the different roles requiring an explanation at a specific level of abstraction, we
then establish how we can collect information about the running system and present it in a
human-friendly way.

3.2 From logs to narratives

A classic, simple and valuable way to collect information about running systems is by using
logs to generate traces of the system execution. Logging can be either explicit when the
developer takes an active part in selecting which information is logged, or implicit when the
overall execution platform captures and builds traces without explicit intervention—or in
many cases allowing simply to select the level of verbosity of the trace. In this case, implicit
logging is better suited, as the MAS execution framework can generate uniform traces while
executing agent programs and always deliver the same amount of information, without adding
any burden to the developer, or unnecessary statements in the agent program itself.

Logs though, tend to remain at a very technical level, as their main functionality is to detail
the behaviour of a given system. On the other hand, explainers,—despite having a similar
function—use natural language to avoid introducing yet another technical barrier between
the explanation and the end users.

In our approach (see Fig. 1), we use the idea of narrative to indicate a story or a description
of the system’s behaviour composed of a sequence of relevant events that are presented as
sentences. Such events are extrapolated from the system logs, and translated into natural
language so that they can be more easily read by humans.

Following this approach, for each event in the narrative, an explanation is a subset of such
narrative that is composed only of events that have a causal link with the event to explain.
We envision that users of the system may read the narrative to understand the system’s
behaviour, and may question the motivations behind the occurrence of a specific event—e.g.
if one questions why their autonomous car took a left turn they would look for the event of
turning left in the narrative, then request an explanation for it. The explanation would then
contain only previous events that are related to the questioned ones by causal links — e.g.
the car may have turned left because of an updated belief about the traffic situation on the
main road, as such the narrative would show the event of the new belief being evaluated
and the consequent decision-making process that led to the decision of turning. We refrain
from defining causality in this paper, with the idea that when defining a level of explanation
and identifying the relevant events that could occur at that level it should be possible to also
define for each event a causal relationship with another event of that same level. This is
further discussed and exemplified in Sect.4. How trivial or how complex the definition of
the causal link determines the level of quality of the produced explanation.

Of course, in the spirit of the multi-level perspective on explainability, users may be able
to select a narrative level that is better suited for their role and read about the system’s
behaviour at a specific level of abstraction, as well as receive explanations at that same level.
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Fig.2 The idea of multiple levels of abstraction for the explanation of a (computing) system. Explanations in
this case are based on relevant events characterising system execution. Explanations and events depend on the
level of abstraction considered. The bottom layer involves the technologies used to implement the system (e.g.,
specific agent-oriented programming languages). The middle layer involves the principles and architectures
adopted to design the system (e.g., cognitive architectures). The top level concerns the functionalities as
perceived by users and stakeholders of the system

3.3 A multi-level explainability framework

Having identified the different roles users of an explainer may play, and the overall process
that allows them to go from logs to narratives to, finally, explanations, we here define the
idea of a multi-level explainability framework. With this, we intend to conceptualise a generic
framework for explainability that can guide MAS developers in supporting the generation of
different levels of narratives and explanations, for different user roles.

The level of explanation is more abstract when it deals with less technical users and is
hierarchically built on top of the lower level (Fig.2). We refer to this approach as multi-level
explainability with different levels of abstraction in the generated narrative. We identify three
levels, that correspond to the roles users can play when using the explainer:

o Implementation Level. This level is useful for developers in the software engineering
phases such as debugging and testing. Thus, we start with a detailed narrative closely
related to the MAS at a technical level that facilitates the developers to understand the
agent’s behaviour. This level includes low-level information concerning the execution
engine and details about the implementing technology.
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e Design Level. This level is useful for architects as well as developers of the system that
want to abstract from the low-level implementation details—concerning specific e.g.
agent programming languages or technologies—and focus more on the behaviour of the
agents at the design level. This level is a good abstraction for designers and architects
who want to comprehend the current system’s behaviour, interact with other stakeholders
and developers or formulate new requirements for improving the system.

e Domain Level. This is the top level, abstracting from how the system has been designed
and focusing more on what functionalities the system is meant to provide to stakeholders
—i.e. functional and non-functional requirements—dealing with domain-specific knowl-
edge and insights. This level is meant to be useful both for end-users, to understand and
explain the system’s behaviour as a whole while using it, and for software engineers, to
validate the system given the specification and requirements defined during the analysis
stage of the software engineering process.

These abstraction levels are designed to be flexible, allowing different groups of users to
access explanations from different perspectives. Each level of explanation includes all the
relevant information necessary for a complete understanding of that specific abstraction.
Consequently, levels are considered fully self-contained: meaning that all explanations and
information necessary for the evaluation of behaviour at a given level are enclosed within it,
avoiding considering the details of other levels.

Narratives at higher levels of abstraction are built on top of narratives at lower levels. This
modular process involves processing the most relevant events that the system produces at
one level and presenting them in a more abstract, higher-level way, at the level of abstraction
above. Practically speaking, the implementation level, being strictly tied to the adopted tech-
nology, is directly built upon the system logs of the system. The subsequent design level is
generated by mapping those implementation events to a more generic set of events, that can
abstract from the specific technological details, whereas the domain level uses those abstract
events to match the functional requirements of the system and present narratives that can
directly refer to the expected system’s behaviour.

In the remainder of the paper, we will apply this generic framework to BDI agents, iden-
tifying practically how to derive the different levels and implementing a tool that supports
the generation of the first two levels, leaving the domain level and consideration on the
applicability to other kinds of agents for future works.

3.4 Explaining at different levels of abstractions: an example

Before diving into the practical realisation of the different levels, in this section, we provide
an example of how the multi-level explainability framework could look like for a BDI agent.
We use the example to further characterise the differences between the levels of abstraction
of the narratives in a specific application setting, before explaining how to practically build
the different levels in Sect.4.

We consider the domestic robot! toy example described in the Jason book [10]. We will
use Jason, and the JaCaMo platform as the technological references for this example and the
remainder of the paper, although similar considerations should be easily transferred to any
other BDI programming platform.

We here introduce the example as we were going to develop it from scratch, first detailing
the domain and the high-level requirements of the system, then showing the design of the solu-

I The example is available on GitHub at https://github.com/jason-lang/jason/tree/master/examples/domestic-
robot.
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tion using agents and then briefly describing the implementation. This software engineering
process matches the levels of abstraction that we identified for our explanation framework.
It follows that the explanations, being tailored to a specific level, will use concepts that come
from that same level.

3.4.1 Domain level: narratives for end-users

The narratives for end-users/stakeholders are sequences of domain events, i.e. events that are
relevant at the domain level. In the software engineering processes, domain events are meant
to be identified in the analysis stage, e.g. from use cases [23] or through informal processes
typically used in Agile methodologies [35] such as Event Storming or User Stories [36].
Use cases allow for refining this knowledge up to capturing the contract between the
stakeholders of a system about its behaviour, describing the system’s behaviour under various
conditions as the system responds to a request from one of the stakeholders (the primary actor).
For instance, given the informal description of the domestic robot example reported in [10]:

“A domestic robot has the goal of serving beer to its owner. Its mission is quite simple, it
just receives some beer requests from the owner, goes to the fridge, takes out a bottle of
beer, and brings it back to the owner. However, the robot should also be concerned with
the beer stock (and eventually order more beer using the supermarket’s home delivery
service) and some rules hard-wired into the robot by the Department of Health (in this
example this rule defines the limit of daily beer consumption).”

Given this informal description, we may define a Get a Beer use case, following the
schema suggested in [23]:

Name: Get a Beer

Context of Use: Owner wants to get a beer

Scope: the robot (system under design)

Level: user-goal

Primary Actor: Owner

Trigger: The owner asks the robot for a beer to be delivered from the
fridge

Main Success Scenario:

1. The owner ask the robot for a beer

2. The robot validates the daily limit

3. The robot verifies the availability of at least one beer in the
fridge (by interacting with the fridge)

4. The robot goes to the fridge and picks the beer

5. The robot delivers the beer to the owner

6. The owner thanks the robot

Extensions:
2a. The robot does not validate the daily limit
2b. The robot informs the owner that the beer cannot be delivered

3a. The robot verifies that no beer are available

3b. The robot informs the owner that no beers are available and ask
for requesting for a new stock to the supermarket

3c. Owner confirms

3d. The robot sends the request for new stock to the supermarket
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Use cases capture exactly the narrative that we expect from the system (behaving correctly
with respect to the contract). Starting a use case, it is straightforward to identify the domain
events to be tracked, forming the narratives: they correspond with the interactions listed in
scenarios. Examples of events in the case of the Get a beer are:

The owner asked the robot for a beer

The robot received a request to bring a beer from the owner

The robot validated the daily limit

The robot verified that the owner’s request could not be satisfied,
given the daily limit

The robot delivered the beer to the owner

The robot refused to deliver the beer with a message: "..."

The narrative that we obtain at runtime at the domain level is a sequence of these events,
that should correspond to a scenario as described in use cases. As an example, considering
the scenario in which the robot refuses to deliver the beer, the behaviour of the system will
generate a narrative like the following:

1. The robot received a request to bring a beer from the owner

2. The robot verified that the owner'’s request could not be
satisfied, given the daily limit

3. The robot refused to deliver the beer with a message: "..."

Explanations are sequence of domain events that are related by causal links that are
considered relevant to explain the system behaviour, as specified at the domain level (by
domain experts). So for instance, the event:

The robot did not deliver the beer to the owner

can be considered caused by (explained by) the event:

The robot verified that the owner’s request could not be satisfied,
given
the daily limit

Examples of questions at this level of abstraction concern the motivation that leads to specific
domain events, e.g.:
(Q1) Why the robot refused to deliver the beer?

Answers can be given exploiting the explanation link defined among domain events. In the
example the answer is given by:

The robot verified that the owner’s request could not be satisfied,
given
the daily limit

It is worth remarking that, at this level, no detail is given about the design or implementation
of the system, that is: there is an abstraction barrier here, so every narrative and explanation
should refer solely to the vocabulary used to define functional and non functional require-
ments, from the end-user and domain expert perspective.

3.4.2 Design level: narratives for designers

After the definition of requirements with the stakeholders and domain experts, the devel-
opment team can plan the architecture of the system, for instance using an agent-oriented
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methodology. At this level, software architects and designers are interested in representing,
understanding and validating the behaviour of the system abstracting from programming
details and from specific technology that will be used to implement it, and featuring an
effective level of abstraction to deal with complexity.

In Al literature this problem is the core of the Knowledge Level conceptual framework
proposed by Newell [37, 38], strongly related to the Intentional Stance as introduced by
Dennett [39]. Following Newell [37], at the Knowledge Level a computing system is modelled
as an agent having some knowledge and some goals, and believing it will do whatever is within
its power to attain its goals, in so far as its knowledge indicates (principle of rationality). The
conceptual framework has been further extended by Jennings [40] for agent-oriented software
engineering to consider a social level modelled using agent organisations. The Knowledge
Level characterisation provides a way of stating something about the desired behaviour of
the system and about what it must incorporate (namely the requisite knowledge and goals),
abstracting from any details about actual internal processing and implementation [41]. This
is exactly the baseline that we want for defining narratives for designers.

Along this line, the BDI model/architecture [13] allows to further refine the Knowledge
Level principle of rationality with concepts that have their roots in practical reasoning [4].
In BDI, beliefs represent the informative component of the system state, i.e. the information
about the state of the environment, appropriately updated after each sense. Desires represent
the motivational state of the system, i.e. the information about the objectives to be accom-
plished by the system. The notion of goal—which is used more frequently than desires in
AOSE and AOP—typically refers to those desires that are not in conflict and that the agent
is committed to. Intentions capture the deliberate component of the system, representing the
currently chosen course of actions, being the result of the decision about what specific goal
to accomplish and how.

In this paper then we adopt BDI (and the Knowledge Level) as a reference conceptual
framework to define narratives at the Design Level. The concrete development of such narra-
tives can be made straightforward by adopting existing agent-oriented methodologies, based
on such alevel of abstraction. Main examples are Prometheus [42], Tropos [43], and TDF [44].

For instance, Fig. 3 shows the design of the domestic robot system extrapolated from the
Jason book, using the Prometheus notation [42].

In that design, the robot is modelled as an agent that can request to pursue the goal
has (owner,beer) sent by the owner agent. The agent has a plan referred to as
bring_a_beer to achieve this goal that can be applied when the daily limit for beers is
not overcome. Otherwise, the goal cannot be pursued and the agent must use a plan referred
to as too_much_beer to handle the situation, properly informing the owner.

A simple example of narrative as a sequence of events occurring to the robot agent in the
case that the beer can be delivered follows:

1. New goal has(owner, beer) adopted from the agent owner

2. New intention int-1 created for goal has (owner, beer) using plan

"bring_a_beer".
7. Action hand_in(beer) executed following intention int-1
8. Intention int-1 accomplished for goal has(owner, beer) using plan

"bring_a_beer"
9. Goal has (owner, beer) achieved through intention int-1

In the case that the goal cannot be accomplished:

1. New goal has(owner, beer) adopted from the agent owner
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stock(beer,N)

has(owner,beer) ’ sip(beer)

at(robot,Place)

open(fridge)
get(beer)
close(fridge)

hand_in(beer) achieve: order(beer,N) ‘tell: deIivered(beer,N,OrderId)|

| move_towards(Place)

\achieve: has(owner,beer)

owner

tell: toomuch(beer)

deliver(beer,N)

Fig. 3 The design of the multi-agent system to implement the domestic robot example described with the
Prometheus notation, from [10]. In the diagram, we can identify the agents, their possible perceptions and
actions, and exchanged messages. The agent can perceive: at (robot, Place)—the robot place, fridge
(when the robot is in front of the fridge) or owner (when the robot is next to the owner); stock (beer,N) —
how many beers are stored in the fridge; and has (owner, beer) —the owner has a bottle of beer. Actions
that can be performed by the agent include open (fridge), get (beer) . Regarding the messages (denoted
by “envelopes”), the owner sends a message to the robot when he wants another beer. A similar message is
sent to the supermarket agent when the robot wants to order more beers. The supermarket informs the robot
with a “tell” message when it has delivered the order

2. Goal has(owner, beer) cannot be accomplished because there is no
applicable plan

3. Intention int-62 has to manage a failure in goal has (owner, beer)
using the plan "too_much_beer"

4. Executed action tell the owner too_much (beer)

The narratives include relevant events based on a subset of the BDI vocabulary (e.g., goals,
plans) used to describe the agent’s behaviour, abstracting from implementation/technical
detail. In the next section, a more comprehensive account of the possible events will be
given.

At this level, architects and designers can use the provided narrative as support for answer-
ing for example the following question:

(Q2) Why did the agent do that action? Why did the agent have that goal? Architects
can gain insights into why certain decisions were taken by the agent and find answers
in terms of the mental state of the agent.

Examining the example above, we can track the exchange of messages between the owner
and the robot, as well as the choices that lead to performing given actions. An example of a
specific question could be:

Why did the agent tell the owner too_much(beer)?

The event:

Executed action tell the owner too_much (beer)
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would be explained with:

Intention int-62 has to manage a failure in goal has (owner, beer)
using the plan "too_much_beer"

That is: the robot correctly received the request from the owner, but due to its current beliefs
(that encode domain requirements) completes the request by refusing to deliver beer to the
owner and informing him accordingly. The explanation for this action, is given by the previous
event, clarifying that there is an intention for managing the failure of the goal has (owner,
beer). The behaviour is then compliant not only with the expected domain requirements
but also with the architectural schema describing agent-to-agent interactions.

3.4.3 Implementation level: narratives for developers

When it comes to the implementation of a problem, the development team chooses specific
technologies to effectively build the system and program its behaviour following the schemas
that have been defined in the design phase. Programmers are then interested in being able
to test and debug their code, they are familiar with the details of the technology and can
understand technical language.

In our example the behaviour of the robot agent has two main paths: either taking beer
from the fridge and delivering or refusing due to the limit. The implementation of these
two cases, in Jason language, is shown in Listing 1. We use comments to explain the code.
The goal has (owner, beer) is created as a consequence of receiving the achievement
message from the owner.

available (beer, fridge). // the fridge is initially loaded
limit (beer,10). // the limit is set to 10

// rule that evaluates if the amount of beers consumed is too much
too_much(B) :-

.date(YY,MM,DD) &

.count (consumed (YY,MM,DD,_,_,_,B),0QtdB) &

limit (B,Limit) &

QtdB > Limit.

// plan for the successful delivery of beers
+!has (owner, beer)

available (beer, fridge) & not too_much (beer)

<- lat(robot, fridge) ;

open (fridge) ;

get (beer) ;

close(fridge) ;

lat (robot, owner) ;

hand_in (beer) ;

?has (owner, beer) ;

// remember that another beer has been consumed

.date(YY,MM, DD) ;

.time (HH,NN, SS) ;

+consumed (YY,MM, DD, HH, NN, SS, beer) .

// plan for refusing

-'has (owner, beer)
too_much (beer) & limit (beer,L)
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<- .concat ("The Department of Health does not allow me to give you
more than ", L, " beers a day! I am very sorry about that!",M);
.send (owner, tell,msg(M)) .

Listing 1 Part of the Jason implementation of the robot agent in the domestic robot example.

As can be seen from the code, there are many technical details that are not relevant at the upper
levels, but that may be important to consider when debugging the program. The narrative
is then presented in a very close way to the raw log produced with the system execution. It
is a detailed, and technical level that follows the operational semantics of the programming
language used to code the agents.

Again, an example of the same narrative of the robot not delivering beer to the owner at
this level might look like:

1. New reasoning cycle started: 11

2. New message from owner: has (owner, beer)

3. Goal has (owner,beer) created

4. Plan options for has (owner,beer) are:

has (owner,beer) : (too_much(beer) & limit (beer,L))
<- .concat ("The Department of Health does not allow me to

give you more than ",L," beers a day! I am very sorry
about that!",M);
.send (owner, tell, msg(M)) .

5. Plan has (owner,beer) selected

6. Intention 59 has (owner,beer) created, state: undefined

7. Internal action .concat(...) finished

8. New reasoning cycle started: 11

9. Send tell message to owner: msg("The Department of Health does not

allow me to give you more than 10 beers a day! I am very sorry
about that!")

10. Internal action .send(owner,tell,msg(M)) finished

11. Intention 59 has(owner,beer) removed, state: undefined

12. Goal has (owner,beer) removed because the goal is achieved

The narrative at this level describes the fine-grained agent’s behaviour and can be used to
explain and answer these developer questions:

(Q3) Why did a plan fail or get an error? When a fails or gets an error, developers may be
interested in understanding the reason and what is the course of action that led to this
failure. The narrative provides details on the motivations and decisions of the system,
supporting the process of finding the root cause of the failure.

(Q4) Why did the agent execute an action? In the debugging or testing scenario, a program
does not necessarily have to fail or encounter errors. It is possible that the system
continues its execution, without any interruption, but exhibits a behaviour that is not
as expected. Even in these cases, the narrative should support the developer in finding
the event that led to that unexpected behaviour.

In this situation, the robot behaved as expected, so no debugging is needed, but the narrative
is still useful to verify that all the steps in the plan selection and execution are followed as
expected in the test situation. We will show more complex examples in Sect.5.3.
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Fig.4 Example of how events are connected by the explanation function at the same level and by the mapping
function between two levels

4 Building narratives at multiple levels of abstraction

In this section, we detail the approach we follow to build narratives at multiple levels following
the idea presented in Sect. 3. We adopt a modular process to build narratives at multiple levels
above the system logs. At each level of abstraction L', we identify formally:

1. the set of events that encapsulate the system’s behaviour based on the abstraction of the
level,

2. the explanation function p' that defines formal relations among events for explaining the
causal relationship and dependencies of the events, and

3. the mapping function b', which is defined for the design and domain levels. These func-
tions establish formal relations between events from a lower level to a higher level,
building higher-level narratives.

To give an illustrative example, Fig.4 depicts the process of building narratives and rela-
tionships of one upper level and the level below. Each level contains instances of events that
belong to its event set. In the figure, events with the same shape are at the same level, while
different colours represent different types of events. Certain events are explained by (i.e.,
caused by) other events at the same level. Each event at the higher level is associated with
a mapping function which indicates from which pattern of events is derived from the level
below. Notably, events in the mapped sequences: (i) may not necessarily occur sequentially,
allowing for interleaving events, (ii) require all events of the sequence to happen in the defined
order so that (iii) the last event of the sequence can be interpreted to generate the event at a
higher level.

This is the process of building narratives at multiple levels regardless of the multi-agent
technology itself. The event set and the explanation functions are derived by examining the
desired technology or abstraction. Once defined for each level, the next step involves creating
a mapping function between levels, which depends on the abstraction of the level below.

In the following, first, we present a formalisation of the approach on which the narrative and
generation are based (Sect.4.1). Then, for each level (Sect.4.2 for the implementation level
and Sect. 4.3 for the design level), we illustrate the process of constructing narratives using
agents programmed with Jason as an example. We describe the adopted process, detailing
the set of events, explanation and mapping functions. The narrative at the implementation
level delves into details related to Jason technology. Then, grounded on this level, we elevate
the abstraction to build narratives at the design level: we have chosen the more general
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abstractions of the BDI model for this level, as they provide a relatively general set of
concepts capable of representing an agent’s behaviour.

4.1 Generating levels of narratives: a formalisation

We here present our proposal in a formal style using sets, functions and logical formulae. We
use this formalisation to clearly express the main concepts and properties of the proposal. It
is also used to help us properly describe examples in the next sections.

Each level has its own set of events. E' is the set of events for the level i, i is O for the
implementation level, i = 1 for the design level, and i = 2 for the domain level. Based
on these events, we can build a narrative. A narrative is a sequence S of events ¢! € E'
observed at level i. For instance, a sequence of events observed from moment 1 until moment
n in the implementation level (level 0) can be represented by:

s0 = (e(l), eg, R eg)

A narrative in any upper level S¢ (i > 0) is necessarily built on top of $'~!. The function

b : St — 257" defines how a sequence of events at S is built on top of events from a

sequence at Si=1 For example, b! (e}) = {e(l), eg} indicates that the first event of a narrative

in the design level (e}) is due to the events e? and eg occurring in the implementation level.

For any event in the upper levels, there must be at least one event in the level below that
justifies its existence:

Vie(12)Veesi D'(e) # {}

For the implementation level, the »0 function has a particular definition, since this level
is not built on top of others:

V,es0 b%e) = {}

An explanation is modelled then as a relation between events in the same level. The func-
tion ,oi 2S5 28 gives the set of events that explains some other event at level i, for instance,
p2(eY) is the set of events that explains € in a narrative at the implementation level. The
particular meaning of that explanation is platform or level-dependent. It can be, for instance,
the causes of some event, like in “e% is caused by e;” (p! (e%) = {ei D). Specific platforms can
enrich that explanation with more details. For instance, “the action e} is motivated by having
the goal g (represented by the event ell) and the agent belief in b (e(l))” (,o1 (ell,) = {ell, eé}).
Using the function p, explanations can be chained. For instance, p' (e {) = {¢;} may explain
that goal g exists because the agent perceived something (represented by the event e(l)); then
p! (e(])) explains that perception, and so on. Of course, some events might not require expla-
nation, for example, the event of reading a value from a sensor, and initial goals defined by
the developer.

Explanations at different levels should be consistent. For instance, as shown in Fig. 5, if
an event 631, is explained by e} in the design level, and eg is mapped to e; and e(l) is mapped to
e{ (the dashed arrows in the diagram), then e(l) should be part of the explanation for eg (the
solid arrow in the diagram).

This requirement can be generally expressed as follows.

0

Vol o1 g0 00 el epleHYne®ebe)ne eble)y = €0 e p)

The explanation function captures just a simple relation between events. What we want to
highlight however is that explanations must be intra-level and the relations defined by p are
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explained by (p)
et €3

Fig.5 Relationship of events between different levels

meaningful inside the level. The user does not need to be aware of other levels or functions
b to understand the explanation.

Based on the sets and functions introduced in this section, we can define a level L' as
follows:

L' = (E' b, p')

composed of a set of events E’, a mapping function &', and an explanation function p'.

4.2 Building the implementation level

To build the narrative at the implementation level, we have chosen the Jason language [10].
The Jason interpreter operates by continuously executing a reasoning cycle for perceiving
the environment and deciding the actions to take. In this section, we describe the process
to build this level, following the process described above. Since this level is the level 0, we
define only the event set E and the explanation link function 0°, the mapping function 5°
is not necessary since the level is built by directly processing the system logs.

4.2.1 Defining the event set for the implementation level: E°

In this section, we present the set of events identified for Jason as the reference technology.
The process of identifying the core events begins by analysing each step in the Jason reasoning
cycle. At the beginning of each reasoning cycle, the agent senses the environment and updates
its beliefs accordingly. The agent is able to perceive the current state of the environment (i.e.,
referred to as percept) and communication from other agents (i.e., referred to as speech
act messages). These perceived external changes or communications may lead to updates
in the agent’s belief base. Table 1 illustrates the set of events at the implementation level
that the agent can sense, along with the subsequent update of the belief base and the plan
library. Events are associated with a type and a narrative template that is used to generate
the natural language description of the event. Each template includes placeholders for the
specific information that is retrieved when the event is registered.

Another important construct in Jason is goals, representing the desired states that the
agent aims and intends to achieve by executing actions. Table 2 illustrates the set of events
referring to the events for the agent’s goal and plan selection. Table 3 contains the events for
the agent’s intention and action.
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Table 1 Event set at the implementation level related to changes in the agent’s belief base and plan library,

perceptions, and messages

Event type at implementation level

Definition

Reasoning Cycle Started: “New reason-
ing cycle started: [num_cyclel]”

New Percept: “New [type] percept
[percept] from [source]”

Mailbox Messages: “Messages in
mailbox: [performative] mes-
sage from [agent]: [content],
[performative] message from
[agent]: [content],..”

Selected Message: “Selected message:
[content]”

New Speech Act Message: “New speech
act message [performative] from
[agent]: [content]”

Plan Added: “Plan [plan] added to the

plan library”

Plan Removed: “Plan [plan] removed
from the plan library”

Belief Added: “Added belief [belief]
from source [sourcel”

Belief From Src Added: “Added source
[source] to belief [belief]”

Belief From Src Removed: “Removed
source [source] from  belief
[belief]”

Belief Removed: “Removed belief
[belief]”

Start of a new reasoning cycle numbered
[num_cycle]

A new perception of the environment is sensed by
the agent. The information of the [type] and
[source] is registered for the [percept]

All unprocessed messages that have arrived in the
agent’s mailbox. Each message is associated with
its [type], the sender [agent], and the
[content] of the message

The message [content] is selected by the agent
for processing

Creation of a new speech act message with its
[performativel, sender [agent], and
[content]

The [plan] is added to the agent’s plan library

The [plan] is removed from the agent’s plan
library

Addition of a new [belief] perceived from
[source] to the agent’s belief base

Addition of a new [source] annotation in a
[belief] already present in the agent’s belief
base

Removal of a specific [source] from a
[belief], the belief itself may still be
maintained by the agent through other sources

The [belief] is removed from the agent belief
base, i.e. the agent no longer maintains that belief

The initial state of the goal is pending,? indicating that the goal has been added to the

agent’s event queue. Upon discovery of an applicable plan, the goal transitions to the execution
state and becomes an intention. An intention is created and can assume the states of running,
suspended, or waiting, depending on the goal. The agent fully commits to pursue it by
executing the actions in the plan. Actions can be classified into internal and external actions.
Internal actions impact the agent internal state, and only their completion is recorded. External
actions, which change the environment, are not directly controllable by the agent itself. For
these actions, we record the event that triggered the action, and their completion or failure.
Certain events could cause the goal to wait or stop. The transition to a waiting state can
occur under two circumstances: (i) the agent needs to execute an action; or (ii) it is invoked
explicitly by the .wait internal action, with the information of the amount of time or event
(e.g., a specific belief to be added or goal to be triggered) to wait for. For actions that may take
time to execute, the intention is suspended, enabling the agent to await feedback on the action’s
execution and manage other intentions in the following reasoning cycles. The goal may be

2 Refer to https://github.com/jason-lang/jason/blob/main/doc/tech/goal-states.pdf for more details about all
possible goal states.
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Table 2 Event set at the implementation level related to goals and plan selection

Event type at Implementation Level

Definition

Goal Created: “Goal [goal] created,
state: pending”

Select Plan: “Plan
options for [goall are:
@[label] [goall: [ctxt] <- [body].
@[label] [goall]l: [ctxt] <- [body].

The plan selected for [goal] is:
@[labell”

Plan Selected: “Plan @[label]
selected for goal [goall, state: execut-

CRET)

ing

Goal Suspended: “Goal [goal] sus-
pended because [reason]”

The goal [goal] is created with the initial state
pending

A set of plans to achieve the [goal] is built
from the available plan options. Each plan is
denoted by a label [1label] and consists of a
context [ctxt] and abody [body]

The plan denoted [label] with the context
[ctxt] and the body [body] is selected for
the goal [goal] and is now in the executing
state

The state of the goal [goal] is suspended,
because of [reason]. For instance, a goal

may be suspended when the internal action
.suspend is called, leading to the
suspension of the current intention

Goal Removed: “Goal [goal] removed
because the goal is [final_state]”

The goal [goal] is removed, indicated with its
[final_state], which is dropped,
achieved, or failed

resumed and executed again. The goal concludes by moving to one of the three final states:
(i) dropped, invoked by the internal action .drop_intention or .drop_desire; (ii)
achieved, with the successful completion of the plan; or (iii) failed, occurring when no
applicable plan exists, the plan has failed, or the internal action . fail_goal is invoked.

4.2.2 An explanation function: p°

As introduced in Sect. 4.1, the function p explains events based on other events at the same
level. At the implementation level, explanations can directly refer to the operational semantics
of the agent programming language (Jason, in this case), which rigorously defines—either
directly or indirectly—causal rules among events. For example, the event produced by the
execution of the action get (beer) may be caused by the successful execution of the action
open (fridge), this causality is ultimately defined by the agent plan. Another possibility
is that the event is caused by the goal has (owner, beer) . To highlight the importance of
goals in Jason agents, we initially decided to base explanations on goals: events are caused
(and explained) by goals. Thus, in our example, the event get (beer) is explained by the
goal has (owner, beer).

At the implementation level thus, for some events, we are able to identify the related goal.
For example, the third event of a narrative eg =“External action get (beer) triggered”
is explained by the first event of that narrative e(l) = “Goal has (owner, beer) created”;
p° ((3(3)) = {e?}. We can identify the link between these two events because they are related
to the same intention. Some other events however do not have associated goals and therefore
no explanation. For instance, for the event eff:“New Percept” we have p° (eg) ={}.

To exemplify the implementation of such an explanation function p° for the implementa-
tion level, we introduce two functions that give some properties of the events:
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type : EO — TO, where T is the set of types of events identified in Tables 1, 2 and 3
(T° = {goal_created, select_plan,..}). type(e) is thus the type of event
e.

int  E® — N, where N is the set of numbers identifying intentions, since in Jason
every intention is identified by a number. int(e) is thus the intention of event e.

Then we can define ,00, given a narrative SO = (e(l), e(z), R eg) at the implementation level,

for some event e? (1 <i < n) as follows:

po(eQ) _ {e(}} if ae?ESU j<iAn type(e?) =goal_created A int(e(}) = int(e?)
! {} otherwise

The condition { nt(e(;) =i nt(e?) ensures the link between the two events: they are produced
by the same intention. In our example, that very intention is the intention executing the first
plan of Listing 1. Considering that j of e? is the closest to i of e?, we are also chaining the
explanation of sub-goals based on other goals. For instance, in the case that goal g0 has g1
has a sub-goal and the plan for g1 executes action al, the explanation of al is g1 and the
explanation of gl is g0.

This explanation function is introduced here as a kind of example for Jason and it is quite
simple (many events are explained by just a single other event i.e., the originating goal).
Of course, this function could be further improved by considering more complex forms of
explanation as we discuss in Sect. 6.

4.3 Building the design level

As discussed in Sect.3.4.2, the Knowledge Level and BDI provide an effective level of
abstraction for our purposes to describe agent behaviour. In this section, we describe a con-
crete model to define the narratives at the Design Level based on BDI concepts, in spite of
the specific technologies used to implement agent(s) at the layer below.

We follow the same process as the previous section: first, we define the set of events E 1
and its explanation function p'. Then we define the mapping function b! to associate the
sequences of events from the implementation level to events at the design level.

4.3.1 Defining the event set for the design level: £’

The set of the main events identified for the Design Level is listed in Table 4. As discussed
in Sect.3.4.2, they allow for tracking the behaviour of each agent of the system as a ratio-
nal BDI agent, in spite of the concrete programming language or technology used for its
implementation.

The set includes events related to the agent’s beliefs, goals, intentions, and actions. Events
related to beliefs involve modifications to the agent’s belief base, such as the addition of new
beliefs, the removal of outdated ones, or updates to existing beliefs. The goal may be adopted
and becomes a new goal for the agent to pursue. New intentions are created to accomplish
the goal using a specific plan that ultimately leads to their accomplishment. There could also
be situations when the execution of an adopted goal encounters failure or even dropping a
goal if it is unfeasible to be accomplished. Events related to intentions focus on the creation
of new intentions and their eventual accomplishment or failure. Action related events capture
the execution or failure of actions driven by ongoing intentions. It is worth remarking that
this set could be further refined to consider a more fine-grained tracking of the behaviour as a
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Table 5 Events and explanation relationships established by pl : links between events create a chain that can
build the full explanation composed of relevant past events

Event Explaining events Rationale

New Intention A New Goal The new intention event is explained by the goal
that motivated its creation. That goal is
represented by the event that created the goal

Intention Accomplished Set of Action The intention’s accomplishment is explained by
Executed all actions executed by its plan
Intention Failed An Action Failed The intention’s failure is explained by the very
action in the intention’s plan that failed to
execute
Action Executed A New Intention The explanation for the action’s execution is the

intention that contains a plan to execute this
action. That intention is represented by the
event that created the intention

Goal Achieved An Intention The explanation for the achievement of a goal is
Accomplished the achievement of the corresponding
intention. That intention is represented by the
event that created the intention

Goal Failed An Intention The explanation for the failure of a goal is the
Failed failure of the corresponding intention

BDI agent. For instance: here we consider only goals as those desires that are consistent and
that the agent decides to commit to. However, tracking desires can also be useful in making
observable decisions about which goals to accomplish given multiple possibly inconsistent
objectives.

4.3.2 An explanation function: p'

At the design level, the explanation function is meant to capture those cause-effect relation-
ships among events that are useful to explain the agent behaviour for designers and architects.
In this case, to define the ,o1 function we can refer to the high-level semantics of abstract
BDI architectures, as defined e.g. in [45], which is independent of specific technologies and
implementation details.

Table 5 shows the cause-effect relationships that we considered in this paper for defin-
ing p!. New goals and new beliefs events have no explanation based on other events, they
carry all the relevant information for their explanation within the event itself. Differently,
the creation of a new intention is explained by a goal that was previously adopted and the
execution of an action is explained by an intention that was previously created to achieve the
goal. In case of a failure of a goal, this would be explained by an intention failure, which
would be further explained by the action causing the failure. We consider explaining the
causes of such action failure out of the scope of this work as that would require introducing
an additional level of reasoning in the generation of the explanations starting from the infor-
mation presented in the narratives. Additionally, the true cause of the failure might not be
known to the agent performing an external action and depend only on a failure in the external
environment. Conversely, when a goal is not accomplished due to the agent being unable
to find an appropriate plan to handle it, the event in the narrative will be a “Goal Dropped"
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event because no intention was created to handle that specific goal and the explanation will
report the conditions of failing to match the plan in the payload of the event (See Table 4).

As in the implementation level, some auxiliary functions are introduced to help us define
the explanation function p':

type : E! — T', where T is the set of types of events identified in Table 5 (T'! =
{new_intention,action_executed,...}).type(e) is thus the type of event
e.

goal : E' — E' U {e}, goal(e) is the event that created the goal that explains the
New Intention event e as defined in Table 5. If goal(e) = €, there is no goal
assigned to the event e.

aint 1 E' — E'U{e}, aint(e) is anew intention event representing the intention that
produced the execution of the action represented by the event e. If aint(e) = e,
there is no intention to assign the event e.

We assume here that the assignments defined by goal and aint reflect the deliberation process
of the BDI engine that links goals, intentions, and actions. When defining these functions, itis
important to preserve the consistency of the explanations with regard to the implementation
level, as such this function should also consider how events are mapped between levels.
Given a narrative S1 = (ei, eé, R e,l,) at the design level, we can define /o1 for some

event eil (1 <i < n) as follows:

{goal(eil)} if type(eil) =new_intention A goal(e}) Fe
sa if type(eil) = intention_accomplished A
sa = {e}.\e]l. esta type(e]l.) = action_executed A aint(e}) = el.l}
{ejl.} if type(el.l) = intention_failed A
Ele]/.esl type(e}) =action_failedA aint(e;) = eil
pl(el-l) = {aint(eil)} if type(eil) = action_executed
{e}} if type(eil) = goal_achieved A
Elelesl type(e}) = intention_accomplished A goal(e}) = eil
i .
{ejl.} if type(el.l) =goal_failed A
Ele}.esl l‘ype(e]l.) = intention_failed A goal(e;.) = el.1
{} otherwise

Through the definition of such basic links, designers can go back into the narrative of
the execution, only following the relevant events for the event to explain, isolating specific
courses of action from the others. The complete explanation for an event would then be
considered as the graph of past connected events through a relationship established by p!,
as illustrated in Fig. 6.

4.3.3 From implementation to design: b’

The function b! in the design level describes how events at this level can be generated
(mapped) from events occurring at the implementation level, that is: what are the conditions
that make it possible to assert that a certain event at the design level occurred, given a set of
events occurring at the implementation level.

While the event set is predefined regardless of the technology itself, the generation of each
event depends on the event sequence at the implementation level. For instance, as illustrated
in Fig.7 the event “New Intention” is added to the design level because both events “Plan
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action executed

action executed

14 4 P . . 4 .
new goal <«—— new intention <—— action executed «<—— intention accomplished «—— goal achieved

N

action executed

action executed

Fig.6 Typical explanation graph at Design Level as produced by ol

Legend

[J Eventat Design Level
O  Eventat Implementation Level

+ = =» Mapping function

"New intention int-1 for has(owner, beer)
using plan bring_a_beer"

Design Level ’* -
Time
~New Intention

- 1

-
-
- 1
-
- 1

“Plan bring_a_beer selected for goal Intention int-1 created, state:
has(owner,beer), state: executing” running
Implementation 1 -~
S -
Level Plan Selected Intention Created Time

Fig.7 Example of the process of building a narrative from the implementation level to the design level

Selected” and “Intention Created” happened at the implementation level. In the following,
we describe the mapping function b! for each event in E! identified in Sect.4.3.1.

Table 6 illustrates the mapping of events related to the agent’s belief. Each row of the
table is a possible mapping. If we identify the sequence of events in the first column at
the implementation level, we can add the mapped event in the second column at the design
level. Some placeholders of events in the table are replaced by specific instances that form
the mapping, represented in italics. The “New Belief” can be generated in three different
patterns of events at the implementation level indicated by the source of the belief. Firstly,
an agent acquires certain beliefs through perception of the environment. In this scenario,
a “New Belief” event (e(l)) in a narrative at the design level is mapped to the sequence of
events “New Percept” (e(l)) and “Belief Added” (eg) in a narrative at the implementation
level. Formally, b' (eé) = {e?, eg }. The formalization of the next mappings is similar and
quite straightforward and thus will be omitted. Secondly, an agent may acquire a certain
belief based on information received from other agents, communicated through a speech act
message. Here, a “New Belief” event is associated with the event sequence composed of
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Table 6 Belief event mapping

Event sequence at implementation level Mapped new belief event at design level
1. New Percept: “New [type] percept = New Belief “New belief [belief]
[percept] from [source]” 2. Belief from [source]”

Added: “Added belief [belief] from

source percept”

1. New Speech Act Message: “New = New Belief“New belief [content]
speech act message tell from [source]: from [source]”

[content]” 2. Belief Added: “Added

belief [content] from source

[source]”

1. Belief Added: “Added belief [belief] = New Belief “New belief [belief]
from source self” from itself”

1. Belief Removed: “Removed belief = Belief Updated “Update belief
[01d_belief] from source [source]” [0ld_belief] to

2. Belief Added: “Added belief [new_belief]”
[new_belief] from source [source]”

1. Belief Removed: “Removed belief = Belief Removed “Removed belief
[belief]” [belief]”

Table 7 New goal event mapping

Event sequence at implementation level Mapped event at design level
1. Belief Added: “Added belief [belief] = New Goal “New goal adopted
from source [source]” 2. Select [goal] from [belief]”

Plan: “Plan options for [belief] are:
[plan-ref] [belief]: [ctxt] <- [goall.
The plan selected for [belief] is [plan-ref]
3. Goal Created: “Goal [goal] created, state:

pending”
1. Goal Created: “Goal [goal] created, state: = New Goal “New goal adopted
pending” 2. Intention Created: “Intention [id] [subgoal] from [goall”

[goal] created, current step: [subgoal]” 3. Goal
Created: “Goal [subgoal] created”

1. Goal Created: “Goal [goal] created, state: = New Goal “New goal adopted
pending” [goall”

“New Speech Act Message” and “Belief Added” events. Lastly, a belief may be added by
the agent itself (denoted by the source annotation self) for future reference.

Table 7 shows the corresponding mapping events for a new goal. There are three distinct
ways through which an agent can acquire a new goal, specified by the source placeholder:
(i) the agent believes something (“New Belief”) that brings to a new goal; (ii) a sub-goal
formed while pursuing another (“Goal Created”) through the execution of a plan; (iii) it is
the agent’s initial goal assigned by the developer. We map the “Goal Created” event at the
implementation level (with the events that signal its creation) to a “New Goal” event, with the
specification of where the source of the goal comes from. To better understand this mapping
and the reason by using the concept of goal instead of desire in the BDI abstraction, it is
useful to recall that in the abstract BDI model [13] taken as a reference at the design level,
a desire is not immediately a goal; it becomes a goal when the agent decides to commit to
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Table 8 Intention and action events to achieve a goal mapping

Event sequence at implementation level Mapped event at design level
1. Plan Selected: “Plan [plan-ref] = New Intention ‘“New
selected for goal [goall], state: executing” intention [id] for

2. Intention Created: “Intention [id] cre- [goal] using plan

ated, state: running” [plan-ref]

1. Intention Created: “Intention [id] = Action Executed “The action
created, state: running, current step: [action] executed
[action]” 2. External Action Triggered: following the intention
“External action [action] triggered” 3. [idr”»

External Action Finished: “External action
[action] executed”

1. Intention Removed: “Intention [id] = Goal Achieved “The goal
removed because plan finished 2. Goal [goal] was achieved
Removed: “Goal [goal] removed because through intention [1d]”

the goal is achieved”

it. This distinction is blurred instead in Jason, adopted at the implementation level: there
is not an explicit account for desires, or every desire becomes immediately a goal that the
agent tries to achieve. Different mappings with other technologies that account for desires
may instead include the concept at this level, for instance, if the agent has a more complex
deliberation process among desires.

As soon as the agent has a goal, it starts looking for the means (plans) to achieve it. Table 8
illustrates the events related to the intention and action mapping functions for achieving a
goal. When (if) a plan is found and selected, a “New Intention” is created and the agent
commits to execute the corresponding course of actions. For the execution of an action
(“Action Executed”) at the design level, we decided to keep only the external actions. Indeed,
the internal actions are not meaningful at this level and are strictly related to the implementing
technology. When all actions present in the plan are successfully completed, the intention
is accomplished, and the goal is considered achieved. Thus, “Goal Achieved” is generated
when the intention finished the plan and the goal moves to the state achieved.

Table 9 shows the events generated in case of some failure to achieve the goal. An action
may fail, in this case, the event “Action Failed” comes from the failure of the external
action associated with its intention. Then, the intention is failed (“Intention Failed”) with the
information of the reason (e.g., failure of an action).

There are two different events related to the failure of a goal: (i) “Goal Dropped”, when
the goal cannot be accomplished and the goal moves to the state dropped, (ii) “Goal Failed”,
the intention for the goal is failed (e.g., due to a failed action).

4.4 Building the domain level

Increasing the abstraction further, we are abstracting from how the system has been designed,
focusing more on what functionalities the system is meant to provide. In this case, the
set of events and explanation link between events come from the formalisation of the
requirements—as shown in Sect.3.4.1—and it is totally domain-dependent. In this section,
we briefly show an example of how it would be possible to build this level following a similar
process to the other levels below.
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Table 9 Mapping of action and intention events related to the failure of a goal

Event sequence at implementation level Mapped event at design level

1. Intention Created: “Intention [id] = Action Failed “The action
created, state: running, current step: [action] failed following
[action]” 2. External Action Triggered: intention [1d] — [error]”

“External action [action] triggered” 3.
External Action Failed: “External action
[action] failed, error: [error]”

1. Plan Selected: “Plan [plan-ref] = Intention Failed “Intention
selected for goal [goal], state: execut- [id] failed to accomplish goal
ing” 2. Intention Removed: “Intention [1d] [goall] using plan

removed because it failed” [plan-ref] - [reason]”
1. Goal Removed: “Goal [goal] removed = Goal Dropped “The goal
because [reason]” 2. Select Plan: ‘“Plan [goal] cannot be

options for the failure of [goal] are: accomplished for reason
[plan-ref] [goall: [ctxt] <- [body]. [reason] - start executing
[plan-ref] [goall: [ctxt] <- [bodyl]. failure plan [plan-ref]”

The plan selected for [goall is
[plan-ref] 3. Plan Selected: “Plan
[plan-ref] selected for goal [goal]”

1. Intention Removed: “Intention [id] = Goal Failed “The goal [goal]
removed because it failed, state: undefined” failed through intention [1id]”
2. Goal Removed: “Goal [goal] removed

because [reason]]”

4.4.1 Defining the event set for the domain level: E2

The event set corresponds to domain events that can be identified from e.g. use cases, or any
artefacts capturing functional and non-functional requirements. Table 10 shows an example
related to the “Get a beer” use case, described in Sect. 3. Differently from the design level,
here events describe the unfolding story of the owner as the primary actor pursuing her goal
to get a beer. Some events refer to the main scenario (the successful one), while others refer
to the extensions related to the impossibility of accomplishing the goal.

4.4.2 An explanation function: p?

The explanation function p for this level is a formalisation of the knowledge about causes
and effects relationships at the domain level, in particular those that could be relevant to build
explanations. In the running example of the domestic robot, explanations could concern the
reasons why the robot refused to deliver a beer, or delivered a beer.

User stories and system stories [25] can be a valuable source to grasp this knowledge,
additionally to use cases, since they focus on the reasons why events related to users and
the system happen. Table 11 shows some main examples of explanation links among events
described in Table 10, based on the “Get a beer” user and system stories described in Sect. 3.

4.4.3 From design to domain: b?

The function > formalises the knowledge bridging the design and domain level, by identify-
ing how a new domain event at the domain level corresponds to (or, is generated by) a pattern
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Table 10 Events types at the domain level, related to the domestic robot example

Event type at domain level Description

New beer requested The owner asked the robot for a beer

Daily limit validated The robot validated the daily limit

Beers availability checked The robot verified the availability of at
least one beer in the fridge

Beer delivered The robot delivered the beer to the owner

Daily limit not validated The robot did not validate the daily limit

Beer request refused due to daily limits the robot informed the owner about the

impossibility of delivering a beer due
to daily limits

Beer request refused due to unavailability the robot informed the owner about the
impossibility of delivering a beer due
unavailability

New stock ordered the robot ordered a new stock of beer

from the supermarket

Table 11 Explanation links between events at the domain level

Event Type Reason

Beer request refused due to daily limits Daily limit not validated

Beer delivered Daily limit validated, Beer available
New stock ordered New beer requested, Beer not available

Table 12 Incomplete examples of design to domain mapping

Event sequence at design level Mapped event at design level
New Goal: has (owner, beer) = New beer requested
Goal Dropped: has (owner, = Beer request refused due to daily limits

beer) with  repairing  plan
too_much_beer

of events at the design level. Like for previous levels, this pattern could be just a single event,
or a sequence (pattern) of events, in the most general case.

Simple examples of mapping rules for the “Get a beer” use case are shown in Table 12.
The first is about binding the generation of a domain event “New Beer Requested” from a
“New Desire” event at the design level, specifically matching has (owner, beer) desire.
The second is about binding the generation of a domain event “Beer request refused due to
daily limits” from a sequence of events: a “Goal Failed” event related to the has (owner,
beer) goal and the corresponding “Plan Selected” event related to the too_much_beer
plan, that is a repair plan to manage the goal failure. It is worth remarking that the mapping
is clearly not unique and depends on designers’ (and domain experts’) viewpoints.
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7 Multi-Agent System

JASON Interpreter

E Narrative $:|
Log Files 8)
«component» C «component» «component»
:Logger :Narrative Generator Explanation :Narrative Dashboard

[ —o

Fig.8 Overview of the main components of the framework

5 Prototype implementation

To put our conceptual framework into practice, we have experimented with the development of
a prototype tool for this multi-level explanation idea, using the approach described in Sect. 4.
The prototype serves the purpose of practically generating the narratives and providing a
basic interface to navigate them. In its current version, the prototype works offline and can
read and load the logs recorded after a system run. It then generates the narratives and displays
them in a Web Dashboard. Users can navigate the narratives at the implementation and design
level, filter events, and ask for explanations of events.

The main components of the multi-level explainability tool we developed are represented
in Fig. 8. Since the approach starts by collecting logs of the system, an important component
is the Logger (Sect. 5.1), which is responsible for generating the logging trace for each entity
in the MAS. The logger is implemented by extending the Jason Interpreter. It records all
main events following the reasoning cycle in the Jason architecture, such as belief updates,
goal and plan applicability, agent perceptions, and speech-act messages. Logs are stored in
a file that serves as the foundation to generate narratives.

The second main component is the Narrative Generator (Sect.5.2), which is responsible
for processing the log and building narratives at different levels. The narratives are then
presented to the user through a dashboard. Users can access the application, explore and
analyse the narrative at different levels and find explanations to understand the behaviour of
the agents.

5.1 Logger

For developing the Logger’ we have extended the Jason interpreter leveraging the feature of
customisation of the agent architecture [10, Chapter 7]. Since Jason is developed in J ava,?
the customisation and extension are achieved through the development of libraries and com-
ponents in Java as well. The overall architecture of the logging component is presented in

3 The logger component prototype is available at https://github.com/yan-elena/agent-logging, a configured
example of domestic robot application can be found at https://github.com/yan-elena/domestic-robot-example.

4 https://github.com/jason-lang/jason/
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PlanLibrary
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- GoalListener
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+ publishEvent(agentName: String, event: Event): void
+ savelLog(agentName: String): void <>— + addEvent(event: Event): void
+ savelog(): void

i

Event

Fig.9 Logger class diagram

Fig.9, classes in grey are internal classes of the Jason interpreter. This customisation primarily
focuses on the Agent class and the AgArch class of Jason.

The Agent class encompasses the agent’s essential components such asthe BeliefBase,
PlanLibrary, and the Circumstance. The LoggerAg extends Agent and imple-
ments various listener interfaces to enable the agent to listen to related events, such as
GoalListener, CircumstancelListener, and PlanLibraryListener.

On the other side, the LoggerArch class extends Jason’s AgArch, which serves as
the foundation of the agent’s architecture, dictating how the agent interacts with the external
world, specifically with the environment and other agents. The agent architecture encapsulates
the functionality of the agent’s sensory perception, action execution, and communication
mechanisms. The LoggerArch class, in conjunction with LoggerAg, is associated with
agents that require logging functionality, in the multi-agent system configuration file.

The central element for the logger is represented by the EventLogger component,
which manages the logs of all agents in the system. It is responsible for publishing the events
associated with a specific agent and subsequently saving the log to a file. As we did not intend
to run complex or long-running MAS with this prototype, we store the history of all agents
in memory and dump them into files. The history of events for a given agent is represented
by the Event History entity, providing methods for adding new events and saving the
log into files. Events are encapsulated by the corresponding Event interface, providing a
uniform structure to represent different types of events.
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Fig. 10 Main components of the narrative generator

5.2 Narrative generator

The Narrative Generator component® is responsible for generating the narrative of an agent
on multiple levels. As illustrated in Fig. 10, given the log files, the log processing component
extracts the events from the log files.

The event mapping component applies the mapping functions ' identified in Sect.4 by
looking at the sequence of events to map to obtain the event at level i. The event translation
component then collects all events at the requested level to present in the narrative dashboard.
For events that require explanations, the event explanation component is responsible for
applying the explanation function p’ and retrieving the relevant event to display on the
dashboard.

The narrative is then presented in a dashboard that allows users to access and visualise
the narrative of the system behaviour. We opted for a Web application for its accessibility
and ease of use. Once users have executed the MAS and obtained the logs, they can upload
them to the Web application for inspection. The dashboard shows an overview of all agents
of the MAS. Users can select which agent and which level of abstraction they want to use to
inspect the narrative.

Uploading the log files generated by the domestic robot example, described in Sect. 3.4,
allows us to view the page illustrated in Fig. 11. This page enables the user to choose the
level of abstraction (implementation or design level) for the three agents in the system: owner,
robot, and supermarket.

When the user selects an agent and a level to inspect the narrative, the application provides
a view of all registered events (Fig.12). It is possible to notice that, the narrative at the
implementation level (Fig. 12a) records all technical and detailed events, even taking into
account the internal working of the agent. The narrative is closely related to the work of Jason
interpreter. At the design level (Fig. 12b), the narrative is straightforward and immediate,
related to BDI concept. Events with an associated explanation (see Section 4.2.2 for the
implementation level and Section 4.3.2 for the design level) allow users to visualise the
cause of the event. Figure 13 provides an example of such an explanation, where the event
type “Action Executed” for the action move_towards (P) is explained by the event “New
Intention”. Thus, the cause of the action, is explained by the creation of a new intention to
accomplish the goal at (robot, P) and using the plan named p__ 6.

5 The narrative generator component prototype is available at https://github.com/yan-elena/agent-
explanation, an online UI application can be accessed directly via this link: https://yan-elena.github.io/agent-
explanation.
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A Multi Level Explainability Framework for BDI Agents

Home / Agents

Implementation Level Implementation Level Implementation Level

Design Level Design Level Design Level
supermarket

Fig. 11 A screenshot of the web application’s overview page displaying all agents in the domestic robot
multi-agent system. Users can select individual agents with the level of abstraction to view their respective
narratives
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+consumed(YY,MM,DD,HH,NN,SS,beer).

The plan selected for has is @p__1 has(owner,beer) Timestamp: 1717513231130

Event type: New Intention

Event type: Select Plan Event

Timestamp: 1717513231117 New goal adopted at(robot,fridge) from has(owner,beer)

View explanation Event type: New Goal

State: pending

Plan has(owner, beer) selected Timestamp: 1717613231132
Event types lan selcted

State: executing

Timestamp: 1717513231125 New intention int-3 created for goal at(robot, P) using plan p__6

View explanation Event type: New Intention

Timestamp: 1717513231151

Intention 3 has(owner,beer) created, state: undefined

current step: !at(robot,fridge); open(fridge); get(beer); close(fridge); N N . L
1at(robot,owner); hand_in(beer); 7has(owner, beer); .date(YY,MM,DD); Action move_towards(P) executed following the intention int-3
time(HH,NN,SS); +consumed(YY,MM,DD,HH,NN, SS, beer) Event type: Action Executed

Event type: Intention Created Timestamp: 1717513231167

Timestamp: 1717513231130

View explanation

New goal adopted at(robot, fridge) from at(robot,P)

Goal at(robot, fridge) created from has(owner,beer) Event type: New Goal

Event type: Goal Created State: pending
State: pending Timestamp: 1717513231311

Timestamp: 1717513231132

View explanation

(a) Narrative at the implementation level (b) Narrative at the design level

Fig. 12 A screenshot illustrating the narrative of the robot agent at implementation and design levels
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New intention int-3 created for goal at(robot,P) using plan p__6 Explanation of the event: "Action move_towards(P)

Event type: New Intention executed following the intention int-3"
Timestamp: 1717513231480

for goal at(robot, P)

using plan p_6

Action move_towards(P) executed following the intention int-3
" Event type: New Intention
Event type: Action Executed
Timestamp: 1717513231161
Timestamp: 1717513231490

View explanation

New Belief at(robot,fridge) from perception
Event type: New Belief
Timestamp: 1717513231626

New goal adopted at(robot, fridge) from at(robot,P)
Event type: New Goal

State: pending

Timestamp: 1717513231652

(a) Events at implementation level (b) Explanation of the event

Fig. 13 A screenshot from the web application. It illustrates the explanation of the event “Action Executed”
for the action move_towards (P)

A component for filtering the events of interest is also implemented in the prototype, this
functionality helps to visualise the entire life cycle of a particular event (e.g., goal or intention
at the implementation level and desire at the design level) in somehow similar to the narrative
for the single component [29].

5.3 Practical examples

In this section, we delve into practical examples of how the tool can serve its purpose in
different situations. We use the domestic robot running example introduced in Sect. 3.4 and
answer the questions identified for the design and implementation level (Sect.4) to verify
our generated narrative and test our prototype.

5.3.1 Example at the design level

At the Design Level, the narrative may support the architects and designers in understanding
the behaviour to improve and reformulate the requirements of the system. Architects could
find answers in the narrative of this level about why the agent intends to do something, or
why the agent has some desire as presented in Sect.4.3.

The narrative at this level abstracts from all the technical details and focuses only on the
agent’s behaviour in terms of BDI practical reasoning.

(Q2) Why does the robot have the intention of not bringing me the beer?

Scenario: The owner requests beer from the robot, but the robot does not satisfy the
request. The owner receives a message from the robot saying “The Department of Health
does not allow me to give you more than 10 beers a day! I am very sorry about that!” The
user wants to understand why the robot made this decision and why this message was sent.
Explanation: By looking at the explanation of sending the message, we can find the cause
illustrated in Fig. 14. The action is executed because of the intention int-62 created to
achieve the goal has (owner, beer), using the plan named p__ 3.

Narrative: The narrative of this scenario is illustrated below.

[New Goal] New goal adopted has (owner, beer)

[Goal Dropped] Goal has (owner, beer) cannot be accomplished because
there was no applicable plan
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Explanation of the event: "Action send message msg("The Department of Health
does not allow me to give you more than 10 beers a day! | am very sorry about that!")
to owner was executed following the intention int-62-has(owner,beer)"

New intention int-62 created for goal has(owner,beer) using plan p_3

Event type: New Intention
Timestamp: 1717513366864

Fig. 14 Explanation of the action executed

[New Intention] Intention int-62 has to manage a failure in goal
has (owner,beer) using the plan p_ 3

[Actioin Executed] Action send message msg("The Department of Health
does not allow me to give you more than 10 beers a day! I am very
sorry about that!") to the owner was executed following the
intention int-62

By analysing the narrative starting from the goal has (beer) adopted by the robot, we
can find the events that lead to this decision. After the robot has adopted the goal, it is dropped
and could not be accomplished because there was no applicable plan. Then, the robot has a
new intention to handle the failure of the goal, by choosing the plan plan__ 3.

5.3.2 Examples at implementation level

Since the narrative of the implementation level is closely related to the technology of the
multi-agent system, it can be understood by the developers and could be used to support the
debugging phase.

The developer can find answers in the narrative of this level about why an error occurred,
why a plan failed, or why an action was not executed as expected. In this section, we will
simulate these situations by modifying the code of the domestic robot MAS to see how the
narrative can support the developer in finding the cause of the bug we purposefully introduce.
(Q3) Why did the robot agent fail the plan has (ovner,beer)?

Let’s consider an example in which there is a failure in the agent’s behaviour and see how
the narrative could assist in finding the cause.

Scenario:

+!has (owner, beer)
available (beer, fridge) &
not too_much (beer)
<- lat(robot, fridge) ;
//open (fridge) ;
get (beer) ;
/] ...
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Listing 2 Modified code of the goal has (owner, beer) where the robot does not open the fridge before
taking the beer

Consider the case where the developer forgot to insert the action open (fridge) before
the action get (beer) in the robot agent’s code as illustrated in Listing 2. When the
programmer runs the system, he notices that the plan has failed and wants to understand the
reason for the failure in order to correct it.

Console output. First, let’s begin by examining the output generated in the console. There
is an exception to indicate the failure to achieve the goal has (_, _) with the information
about the current intention. There is no specific mention regarding the reason for this failure.

[robot] doing: get (beer)

[robot] .current_intention( intention(I,S) ) was replaced by
.intention(I,_, S, current)

[robot] Failed to achieve goal ’‘'has(_,_)’. Current intention is:

intention (3, [im(p__4[code_line(44), code_src("file:src/agt/robot.asl"),
source(self), url("file:src/agt/robot.asl")]l, {
-!has (owner, beer) [code (get (beer)), code_line(22),
code_src("file:src/agt/robot.asl"), error(action_failed),
error_msg(""), source(owner)] }, { .current_intention(_63);
.print ("Failed to achieve goal ’‘'has(_,_)’. Current intention is:
",_63) },[map(_64_4,owner), map(_65_5,beer)]),
im(p__1[code_line(19), code_src("file:src/agt/robot.asl"),
source(self), url("file:src/agt/robot.asl")], {
+!has (owner, beer) [source(owner)] }, { get(beer); close(fridge) ;
lat (robot, owner); hand_in (beer); ?has (owner, beer) ;
.date(_66,_67,_68); .time(_69,_70,_71);

+consumed (_66,_67,_68,_69,_70,_71,beer) },[1)])

Narrative generated by the tool. In addition to the logs from the stack trace, the narrative
generated by our tool adds a new layer of explanation to support developers in their debugging
phase. The aim of our tool is not to replace existing debugging tools but to provide additional
information to find the cause of the failure. Thanks to the events collected by the logs in
addition to the explanation causality defined by p, it is possible to infer the reason for the
failure.

The narrative of the robot agent at the implementation level is presented as follows.

[External Action Triggered] External action get (beer) triggered
[External Action Finished] External action get (beer) failed
[Goal Removed] Goal has(owner, beer) removed because the action
.get (beer) failed

Analysing the sequence, it is possible to notice from the last event that the goal is removed
because of a failure, specifically because the action . get (beer) failed. Going back a few
events, we notice that the action . get (beer) is triggered and starts its execution. But its
execution fails and leads to the failure of the plan has (owner, beer).Having identified
the cause of the failure, the narrative can answer that the robot agent is unable to finish the
execution of the action .get (beer) and possibly there are not all the preconditions to
attempt that action.
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An effective explanation of why this external action fails could be provided by integrating
explanations from the external environment (e.g., by extending the framework with explana-
tions from artifacts in the environment). See section 6 for further discussion on this..

(Q4) Why did the robot agent send the message order (beer, 5) to the supermarket
again?

Consider now another example, in which there is no explicit exception at runtime. The
developer has to understand why the execution of the system does not behave as expected.
Scenario: When the supply of beer is finished, the robot agent orders new beers by sending a
message .send (supermarket, achieve, order (beer, 5)) to the supermar-
ket agent. When the beers are delivered, the supermarket agent sends a ‘tell’ message to
inform the robot. The robot agent should update the beer availability in the fridge and
then bring the beer to the owner. Suppose that the developer forgets to update the belief
available (beer, fridge) and tries to achieve the goal has (owner, beer)
again, as illustrated in Listing 3.

// when the supermarket makes a delivery, try the 'has’ goal again
+delivered (beer,_Qtd,_OrderId) [source (supermarket) ]
true
<- //+available (beer, fridge) ;
'has (owner, beer) .

Listing 3 Modified code of the event delivered (beer, _Qtd, _OrderId): when the supermarket
makes a delivery, the robot tries the has goal again without update the belief available

Console output. The output generated in the console is illustrated below.

[robot] doing: move_towards (fridge)
[supermarket] doing: deliver (beer,5)
[robot] Check Time=10:16:12

[owner] time("10:16:12") [source (robot)]
[supermarket] doing: deliver (beer,5)

After the supermarket has delivered the beer, the robot does not bring the beer to the owner,
but there is another beer delivery from the supermarket. Looking at this log, it is not straight-
forward to identify the reason for this misbehaviour.

Narrative generated by the tool: The narrative at this level records all actions and decisions
made by the agent. The narrative of this behaviour for the robot agent is illustrated below.

[Goal Created] Goal has (owner beer) created
[Reasoning Cycle Started] New reasoning cycle started: 146
[Select Plan Event] Plan options for has (owner,beer) [source(self)] are:

@p__2 has(owner,beer) : not (available(beer, fridge))
<- .send(supermarket,achieve, order (beer,5)); !at(robot, fridge).
[Plan Selected] The plan selected for has (owner,beer) [source(self)] is
@ep__2

When the goal has (owner, beer) is created, it selects the plan with the condition
not (available (beer, fridge)). The robot does not believe that the beer is in
the fridge (available (beer, fridge)), so it reorders the beer from the supermarket
and this event leads to the misbehaviour. The narrative generated by the tool could help
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the developer understand the cause of this behaviour and realise that he may have missed
updating the belief after the supermarket had delivered the beer.

6 Discussion and future works

In this paper, we have explored a new approach to explainability in BDI agents that goes
in the direction of considering multiple levels of explanations originating from the same set
of logs. The main idea is that explanations should be tailored to the technical proficiency
and task of different classes of users, to better support them in understanding the behaviour
of the system. Instead of trying to provide only one comprehensive global explanation, we
foster the coexistence of several narratives. Each narrative focuses on different aspects of the
system, further abstracting the level of details, in order for a user to pick a different level of
description of the system behaviour depending on the task.

The identification of the different levels of explanation, as well as of the main elements
characterising a level and its mapping, is the main contribution of this paper. In particular, in
Section 4 we illustrated a formal process for building narratives at multiple levels, showing
a concrete implementation based on Jason. In principle, the process can be adapted to other
BDI-oriented programming approaches, eventually refining the set of events and mappings.
In practice, this adaptation may involve several complexities, so that the applicability of our
approach to different agent-oriented programming frameworks is an interesting problem that
will be further investigated in our future work.

Another aspect that needs to be further investigated in future work is the generation of the
explanation at the domain level, as discussed in Sect. 4.4. This feature is missing in the current
prototype. On the one hand, the adoption of domain-driven methodologies such as domain-
driven design allows for effectively identifying domain events as part of the analysis and
development process, along with user stories and acceptance scenarios. Such domain events
are exactly the set of events that can be used to properly configure the explainer. On the
other hand, our approach further requires to go deeper in knowledge crunching, by explicitly
identifying relevant causes and effects relationships among domain events, and mappings
between domain events and patterns of events at the design level. System stories [25] will be
a valuable reference to consider for this extension.

Following the state of the art in explainability for BDI agents, our approach builds on the
concept of agents narrating their behaviour in natural language, as a way to improve the level
of understanding of the produced explanations for different users. We additionally provide
a dedicated user interface to interact with the narrative, which, despite being a prototype, is
already supporting the navigation of the agent timeline of events in the system.

Furthermore, we keep the alignment with the Whyline approach [17] as a way to interrogate
the system for the explanation of a specific event happening. Notably, though, the current
system setup does not support the possibility of asking why the agent did not do something
but only asks for explanations of what has been done.

We intend that our framework is customisable with regard to the complexity of the def-
inition of explanation between events. In this paper, we adopt a simple, yet conceptually
sound, notion of explanation, linking events using the explicit knowledge about cause-and-
effect relationships, as defined by the (operational) semantics of the level. A limitation of this
simple approach concerns the explanation of failures. Our prototype returns straightforward
answers concerning what led to a failure and not necessarily why the failure happened and how
to prevent it. Given the importance that these kinds of explanations have for users to consider
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the explanations useful [46, 47], future works might combine more complex approaches,
for instance exploiting causal reasoning [48] to identify and understand cause-and-effect
relationships among events that could be unknown a priori.

We have yet to test this tool with users, in a study that could help prove whether the
approach actually serves the purpose of helping users perform specific tasks. Several other
works suggest already that an explanation in terms of BDI abstractions is generally under-
standable as humans explain their behaviour with these concepts [49]. It would still be
interesting to see how users leverage the multi-level capabilities of the tool to navigate and
understand the behaviour of agents since this has not been tested yet, to the best of our
knowledge, in other user-evaluated settings of BDI explainers. The design of the evaluation
settings and analysis of results will be one of the objectives of future works.

In the future, we are also interested in further expanding to the multi-level explainabil-
ity concept. Namely, in this initial exploration of the multi-level approach, we are limited
to the agent dimension of MAS and thus we have explanations for individual agents. In
the Multi-Agent-Oriented Programming community (and in the JaCaMo platform that we
used for our prototype), a MAS is generally composed of other dimensions, namely the
environment, organisation, and interaction dimensions [50]. The absence of this extension
introduces some limitations to the current state of our tool. First, without incorporating the
environment dimension, the agent is not able to explain the cause of events that come from
the environment (e.g., failures in external actions). Second, the current tool requires users
to manually align the narratives of multiple agents to figure out how they influence each
other. This could be improved by extending the tool to include the interaction dimension,
enabling explanations of communication between agents, and the organization dimension by
explaining its structural, functional, and normative specifications. Given the relevance of the
other dimensions, they should be considered for the development of a multi-level approach
that could then be seen as multi-dimensional as well. As it goes for the agent dimension,
and also for the other dimensions of MAS, we might apply the same levels of abstraction
that we propose—implementation, design, and domain. Revisiting Fig.2, we would then
obtain a much richer navigation space for the users to explore the behaviour of the system
(Fig. 15), i.e., considering both relevant dimensions and the level of abstraction. From this
point of view, selecting the appropriate perspective for analysing the behaviour of the MAS,
could potentially offer benefits in improving the understanding of the overall behaviour of
the system. We plan to work on this concept and expand the framework that we presented to
include this multi-dimensional view in the future.

Finally, we have proposed this multi-level explainability framework for BDI agents. In
future works it would be interesting to expand the idea to non-BDI agents as well, trying to
understand what shape the different abstraction levels could have. We speculate that given
the innate nature of the BDI model to explain the behaviour of autonomous entities with
mentalistic notions, it would be interesting to keep it as the main design level, regardless of
the underlying execution platform to act as a cognitive neck [51] to hide the implementation
details and support the explanation at the domain level.

7 Conclusion

Given the predominant role that explainability is taking as a feature of intelligent systems,
in this paper we built on top of state of the art in explainability for BDI agents presenting a
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Fig. 15 Multiple dimensions and levels of abstraction in a multi-agent system

new approach to the generation from system logs of narratives that can be read by users to
understand the behaviour of the system.

We put forward a new idea of multi-level explainability, in which from the same system
we are able to generate increasingly abstract narratives, mapping the sets of events that are
being logged in one level to the one above to achieve a higher level of abstraction of the
explanation. Users who may have questions about the behaviour of the system can then find
the events in the narrative that they feel are misaligned with the expected behaviour and ask
for a more detailed explanation of why they happened.

We argue that users may benefit from the availability of multiple levels that are tailored to
different tasks and skills. Developers may require detailed insights for debugging, designers
may need to verify its functional properties, or end-users who simply need to understand
whether the system is behaving as expected (and eventually why it is not).

We identified three possible levels. At the low level, we have the Implementation Level,
which concerns low-level details about the implementing technology of the MAS (i.e. the
specific language or platform). As an intermediate level, we have the Design Level which
concerns the high-level architectural components of the system. Finally, at the highest level,
we have the Domain Level which concerns the system specifications from the point of view
of end-users and domain experts and should shield the explanation from any technical detail
about how the system is implemented while relating it to the requirement specifications.

We have shown the process that we undertook to identify the event sets for our prototype
tool built upon the Jason agent programming language and the JaCaMo platform. We detailed
how the logs were extracted from the platform and we have shown how our Web-based
interface allows users to read narratives and answer potential inquiries on the behaviour of
the system, comparing it with the raw processing of logs or system exceptions to highlight
the potential benefits of the approach.

Finally, we discussed the current benefits and limitations of the approach, highlighting
open directions that we plan to address in future works. The contributions of this work, i.e.,
the identification of different levels for explaining the system behaviour tailored to different

@ Springer



9 Page40o0f42 Autonomous Agents and Multi-Agent Systems (2025) 39:9

users and the process to build explanations at multiple levels with a prototype implementation,
could serve as a reference and suggestions for potential research directions to advance in the
field of explainability for BDI agents and MAS in general.
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