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Abstract. In swarm robotics, agents interact through local roles to solve
complex tasks beyond an individual’s ability. Even though swarms are
capable of carrying out some operations without the need for human
intervention, many safety-critical applications still call for human oper-
ators to control and monitor the swarm. There are novel challenges to
effective Human-Swarm Interaction (HSI) that are only beginning to be
addressed. Explainability is one factor that can facilitate effective and
trustworthy HSI and improve the overall performance of Human-Swarm
team. Explainability was studied across various Human-Al domains, such
as Human-Robot Interaction and Human-Centered ML. However, it is
still ambiguous whether explanations studied in Human-AT literature
would be beneficial in Human-Swarm research and development. Fur-
thermore, the literature lacks foundational research on the prerequisites
for explainability requirements in swarm robotics, i.e., what kind of ques-
tions an explainable swarm is expected to answer, and what types of
explanations a swarm is expected to generate. By surveying 26 swarm
experts, we seek to answer these questions and identify challenges experts
faced to generate explanations in Human-Swarm environments. Our work
contributes insights into defining a new area of research of eXplainable
Swarm (xSwarm) which looks at how explainability can be implemented
and developed in swarm systems. This paper opens the discussion on
xSwarm and paves the way for more research in the field.

Keywords: Explainable AI, Swarm Robotics, Human-Swarm Interac-
tion.

1 Introduction

Swarm robotics consists of multiple robots that interact with each other to ac-
complish a collective task that is beyond individual ability, or can be performed
more effectively by a group of robots [11]. Swarm robotics promise various im-
plementations in many scenarios such as pollution control, surveillance, package
delivery and firefighting. Although swarms can perform the task autonomously,
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human intervention is still crucial for safe and effective deployment in real-world
scenarios [1]. For example, swarm operators may need to manage swarm tasks
that might be beyond swarm capability or intervene in cases of failures and er-
rors. This intervention could be more complex when it requires multiple humans
to work together in a team to operate remote swarms [10]. For instance, in
a search and rescue scenario where the swarm is responsible for searching and
identifying casualties, the system may consist of two operators: (a) an operator
is tasked with scheduling clusters of robots to search areas and (b) an analyst
who is tasked with analysing casualties images.

Human-Swarm Interaction (HSI) is an emerging field of research that studies
human factors and swarm robotics to better utilise both humans and swarm
capabilities in a Human-Swarm environment. An essential part of HSI is com-
municating, to humans, the reasons behind swarms’ decisions and behaviour
[25]. As swarms become more advanced, explaining their behaviour (individual
and collective) is buried in increasingly complex communication between swarm
agents and underlying black-box machine learning models.

Explainable Artificial Intelligence (XAT) is a response to this direction of re-
search. XAT is a domain of research that is interested in making the behaviour
or the output of intelligent systems more intelligible to humans by providing
explanations [18]. While the concept of X AT is increasingly gaining attention in
several research domains, such as Agent Planning [3], Machine Learning [22]
and Motion Planning [6]. There is a clear gap in the literature on integrating
swarm robotics into the research and development of XAI. Similar to XAI fields
of research, we argue that eXplainable Swarm (xSwarm) should address that an
explanation is an answer to an unexpected event or a failure of the system [18].
However, compared to different XAI domains, xSwarm can be significantly dif-
ferent since the decision made by a swarm significantly depends on the commu-
nication and collective contribution of its agents [25]. Further, the explainability
of swarms would require explaining the emerging collective behaviour that is not
necessary for the summation of the individual robot behaviour [5].

Many studies discussed the need for XAI methods and models for Human-
Swarm environments to improve trust and maintain situational awareness, e.g.,
[20, 25, 1]. However, at the current stage of research, it is still vague what kind of
explanations a swarm system should be expected to generate and what questions
an explainable swarm is expected to answer. This paper seeks to conceptualise
the concept of xSwarm and introduce a new taxonomy of explainability require-
ments for HSI. Our results can guide the requirements elicitation for explanation
methods and models for Human-Swarm teaming. These insights contribute to
operationalising the concept of xSwarm in reality and can serve as a resource
for researchers and developers interested in designing explainable Human-Swarm
interfaces.

In this paper, we limit our research to swarm robotics, i.e., this paper does
not address multi-robot systems that have explicit goals and their agents execute
both individual and group plans. We follow a similar approach proposed in recent
publications to outline explainability requirements in a given problem [15, 6]. Our
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method uses open-text and scenario-based questionnaire with domain experts,
to elicit explainability considerations for swarm systems. We foresee a lack of
established understanding of the concept or common technical knowledge given
the early stage of xSwarm in industrial practices. Therefore, we used a novel
use-case developed in our recent work [10] and supported with failure scenarios
and explanations to ground our investigation. Our data set was collected from
on an online questionnaire with 26 swarm experts. In this paper, we make the
following contributions:

— We present xSwarm taxonomy that summarises the explainability space for
swarm robotics from swarm experts’ perspective.

— We summarize current challenges faced by researchers and industry practi-
tioners to create xSwarm.

2 Background and related work

So far, the process of generating explanations for Al systems users has received
a lot of attention from multiple domains, including psychology [21], artificial
intelligence [16], social sciences [18] and law [4]. Furthermore, regulatory require-
ments and increasing customer expectations for responsible artificial intelligence
raise new research questions on how to best design meaningful and understand-
able explanations for a wide range of Al users [23]. To respond to this trend,
many explainable AT (XAI) models and algorithms have been proposed to ex-
plain black-box ML models [23], agent-path planning [3], multi-agent path plan-
ning [2] and explainable scheduling [14]. These explanations can range from local
explanations that provide a rationale behind a single decision to global explana-
tions that provide explanations for the overall Al logic [16].

Despite a growing interest in explainable AI, there is a limited number of
studies on how to incorporate explainability in swarm robotics. Only a few at-
tempts in the literature have discussed explainability in swarm robotics. For
instance, a scalable human-swarm interaction has been proposed to allow a sin-
gle human operator to monitor the state of the swarm and create tasks for the
swarm [11]. Their study with 100 participants showed that users have different
visualisation preferences for explanations to observe the state of the swarm de-
pending on the type of the given tasks. The explanation in this study was limited
to a visual representation of the swarm coverage using a heatmap or individual
points space that does not capture the wider space of xSwarm. Another example
is the work proposed in [20]. They proposed Human-Agent EXplainability Ar-
chitecture (HAEXA) to filter explanations generated by swarm agents with the
aim to reduce human cognitive load. Finally, Roundtree et al. [25] discussed de-
sign challenges and recommendations for explainable Human-Swarm interfaces,
e.g., they described the delivery of explanations to human operators in swarm
systems as the main challenge due to human processing limitations caused by a
large number of individual robots in the swarm. Although these studies provide
steps toward the right direction for xSwarm, it is still unclear whether expla-
nations developed in other XAI domains would be useful for Human-Swarm
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environments. Also, it is still undefined what kind of questions a swarm system
is expected to answer or what explanations from swarm robotics would look like.

Meanwhile, recent papers were published in multiple domains to guide the
exploration of explainability requirements in a certain domain. Liao et al. [15]
created a list of prototypical user questions to guide the design of human-centred
explainable black-box ML. Similarly, Brandao et al. [6] proposed a taxonomy
of explanation types and objects for motion planning based on interviewing
motion planning experts and understanding their current work and practice.
Our work is driven by a similar approach for outlining xSwarm’s design space.
More particularly, in light of the growing interest in XAI, we are interested
in understanding what is required to create xSwarm and what are the major
practical challenges to developing xSwarm.

3 Background and related work

Ethical approval was acquired via the Ethics Committee of the School of Elec-
tronics and Engineering from the University of Southampton [Reference No.
67669].

3.1 Participants

Thirty-two participants voluntarily accessed our online questionnaire. Partici-
pants were approached through two main mailing lists: multi-agent! and TAS-
Hub? mailing lists. Four participants were excluded because they identified them-
selves to have less than one year of working in swarm robotics. Two more par-
ticipants were also excluded as they chose not to complete the questionnaire,
leaving us with twenty-six experts. 46.2% of our participants were researchers,
7.7% were lecturers, 23.1% were PhD students, and 22.9% with industrial roles.
All experts had at least more than one year of working in swarm robotics. 61.5%
of participants had 1-5 years of experience, 23.1% had 5-10 years, 7.7% with
10-15 years and 7.7% exceeded 15 years of experience in the field.

3.2 Study procedure and design

Due to the limited research in xSwarm, we chose to conduct an online question-
naire as it allows us to scope an early investigation into outlining a preliminary
xSwarm taxonomy for future in-depth investigations. It also helps us to gather a
large number of experts’ feedback in a brief time compared with other data col-
lection methods such as interviews [17]. We designed our questionnaire to include
several elicitation probes to obtain representative results and minimise cognitive
heuristics and bias [19,13] (Appendix A - Table A.1). First, a draft question-
naire was developed by the first author. Then, the draft was pilot tested with

! Multi-agent systems — The Alan Turing Institute
https://www.turing.ac.uk /research/interest-groups/multi-agent-systems
2 UKRI Trustworthy Autonomous Systems Hub (TAS-Hub): https://www.tas.ac.uk/
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experts (researchers from the inside and outside the research group) to assure
that question formulation can achieve the research goal and be understandable
to study participants. The questionnaire starts by asking participants to read
the participant information sheet. The information sheet outlines the motivation
of the study, compiles background material about the research goal and problem
as well as describes the questionnaire structure. Participants’ information sheet
also contains background material about explainable Al to minimise any avail-
ability bias [19]. Then participants were directed toward the main questionnaire.
The questionnaire has four main sections. Table 1 provides a brief description of
the questionnaire structure and probe types used in each section.

Table 1. Questionnaire structure and elicitation probes

Questionnaire section|Probe type Description
Swarm experience NA Demographic questions
Swarm failures Knowledge Participants’ knowledge about swarm fail-

ures, e.g., What are the main reasons
for swarm failures? And What behaviour
sparks your concern?

xSwarm scenario Situation assess-|Participants’ assessment of a swarm failure
ment or unexpected behaviour, e.g., What ques-
tions would you ask to debug this failure?
Why do you think the swarm failed in this
case?

xSwarm challenges Experience Participants’ previous experience in gen-
erating explanations from a swarm, e.g.,
What kind of challenges did you face when
generating an explanation from a swarm?

Hypothetical Participant needs to develop eXplainable
swarms, e.g., How would swarm develop-
ers be supported in integrating explainabil-
ity??

Swarm experience. In this section, we asked participants to provide four
demographic factors related to their previous swarm experience - participants’
area of research or experience, current role, years of experience in swarm robotics,
and level of experience in swarm robotics. We excluded participants who had less
than a year of experience or had identified themselves with a low level of expe-
rience in the field.

xSwarm scenario. This section used an industrial-based use case for HSI,
which represents a real-world use case for HSI where explainability is a crucial
requirement [10]. The use case presented the following scenario: “A hurricane has
affected a settlement. Many were evacuated, but some did not manage to escape
and have been caught in debris and fallen structures. A UAV (Unmanned Aerial
Vehicle) swarm is being deployed to identify locations of survivors, to evaluate
their condition, and to advise on where unmanned ground res-cue vehicles should
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be deployed to evacuate casualties.” A diagram for the use case can be found in
Appendix A — Figure A.1. First, we asked participants to select when and what
the swarm should explain its behaviour to human operators during the task.
Then, we provided two cases of swarm failures or unexpected behaviour and
asked participants to explain these cases. This is a situation assessment probe to
determine the bases for explanations during failures or unexpected behaviour,
rather than waiting for these incidents to happen [13]. We also asked participants
to provide what questions will they ask to debug failures. Fig. 1.A and Figure
1.B show two scenarios of either a failure on an expected behaviour during two
main stages of the swarm task: (a) Planning: a swarm has suddenly stopped
while it is trying to reach its destination, and (b) Searching: the swarm has
failed to identify all the casualties in the search area.

Planning; Searching:

The swarm has been asked to visit Task 1 location on the map to search for casualties. The goal is to search for potential casualties, however, the swarm has completed the
The swarm is showing the following message: "The swarm is stopped in the middle of search and detected 5 out of 6 casualties in the selected area.

(A) (B)

Fig. 1. Scenarios of swarm failures or unexpected behaviour presented to participants
(A) swarm has suddenly stopped. (B) Swarm has failed to recognise all possible casu-
alties in the search area.

xSwarm challenges. The questions in this section aim to understand the
challenges faced by experts to generate explanations from swarm systems. First,
this section included open-end questions to reflect on participants’ experience in
generating or obtaining explanations from swarm systems. We asked questions
such as “What were the typical difficulties you encountered while trying to extract
explanations from swarm systems?”. The section also contained hypothetical
questions to identify the key tools and techniques that swarm developers should
have to build xSwarm. We asked questions such as “How would swarm developers
be better supported in integrating explainability?” and “What kind of issues and
considerations should developers have in mind when developing xSwarms?”.

3.3 Analysis

We followed the content analysis method [12]. Our data set included participants’
answers to open-ended questions with themes extracted across perspectives. The
analysis was conducted by the first author. To increase the trustworthiness of our
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qualitative analysis, we followed an iterative process across the research team.
This iterative procedure was implemented to check and confirm that the taxon-
omy is reflected in the responses of the participants. The authors met multiple
times during each stage of the research to ensure the accurate interpretation
of each category and the supporting evidence. These discussions and meetings
resulted in the dividing, altering, removing, or adding of categories to ensure
that all responses and their settings were adequately represented in the data.

4 Results

Our results are divided into two parts. We start by discussing the general ex-
planation categories emergent in participants’ answers, which outline the design
space of xSwarm. We then discuss the main challenges faced by our experts to in-
tegrate explainability in swarm systems. Table 2. shows a sample of participants’
answers. More examples can be found in Appendix A - Table A.2.

Table 2. Explanation categories for swarm robotics. Ezplain column refers to partici-
pants’ explanations to swarm failures or unexpected behaviour- Debug column presents
participants’ questions to debug swarm failures or unexpected behaviour - Freq. refers
to the number of times this category appeared in the data set.

Category Explain Debug

Consensus Detecting the missing casualty caused a conflict|How much of the swarm is consolidating the same
between the agents. view?
Agents were not able to agree on some features of[ What is the agreement percentage between

the casualty.
Freq.= 24

agents?
Freq.= 18

Path Planning

Because the swarm initiative plan is to visit Lo-
cation L which is a charging location.
Because swarm is trying to avoid obstacles

Is it a collision-free route?
Where is the swarm right now? [the probability
distribution of possible robots locations]

Freq.= 22 Freq.= 14

Communication |Because the communication is limited between|What is the accuracy of information exchange be-
agents. tween swarm agents?
Environmental condition is limiting the connec-|What is the synchronisation status between
tion between agents swarm agents?
Freq.= 19 Freq.= 6

Scheduling Because this casualty should be detected by an-|Why there is x number of agents to search this
other cluster. area?
Because there are not enough agents to detect all|l Why a cluster cl is assigned to task t17
casualties Freq.= 8
Freq.= 14

Hardware Because the casualty is out of sensors coverage/What is the communication bandwidth between

distance.

Because of low-quality input data from swarm

swarm robots.
What is the limitation of the swarm sensors?

Sensors Freq.= 5

Freq.= 16
Architecture and|Because robots have limited communication links|What is the response threshold function?
design per robot. How is the swarm size selected?

Because the swarm has not got enough training in
such an environment.
Freq.= 5

Freq.= 6




8 Naiseh et al.

4.1 Explanation categories

Consensus. A key distinction between swarms and multi-agent systems is that
the swarm can be seen as a single entity rather than multiple individual robots
with multiple goals and tasks. Swarm robotics is usually equipped with meth-
ods to reach a consensus on the swarm decision, based on the accumulation and
sharing of information about features of the decision encountered by individual
robots. The most frequently asked questions by our participants were not only
regarding why the swarm has made a single decision but at a high level, acquiring
who and how many robots contributed to that decision. Our participants fre-
quently asked questions to check either the percentage of individual robots who
communicated the preferred decision, e.g., P18 mentioned: “How many robots
detected the casualties?”, and P26 described: “Which features of the casualty did
the robots agree on?”. Furthermore, when participants were asked to provide
reasons for swarm failures, they frequently answered that such a failure could be
related to a conflict between swarm agents. Participants enquired information
to further understand the opinion dynamics of the swarm. Opinion dynamics
is a branch of statistical physics that studies the process of agreement in large
populations of interacting agents [24]. Because of these dynamics, a population
of agents might progressively transition from a situation in which they may hold
varying opinions to one in which they all hold the same opinion. Participants
were interested in how the swarm opinion dynamics might change and evolve.
For instance, P20 reflected on the swarm searching for casualties task: “What we
are also interested in is that What are the emerging decisions (fragmentation),
Is there a dominant decision, how dominant is this decision, and how will this
opinion evolve”.

Path Planning. Participants frequently asked questions related to the path
that the swarm is going to follow and its related events. For instance, P2 men-
tioned that remote human operators would frequently check what is the next
state of the swarm. Similarly, P20 added, “automatic planning has not been fully
adopted especially in high-risk domains such this scenario, what the system usu-
ally does to suggest the plan to the human operator to check that path”. Further,
participants were not only interested to validate the swarm plan but also asked
questions related to the path planning algorithm to debug swarm failures, e.g.,
P18 and P7 asked to debug a failure in Fig. 1.A: “What metrics does the swarm
use to follow this route?” and “Why did the swarm follow this route, not an-
other one?”. A similar pattern appeared in participants’ answers when they were
asked to explain the unexpected behaviour in Fig. 1.A Participants explained the
unexpected behaviour based on path planning events, P9 stated: “Because the
swarm agents are charging their batteries according to the initial plan”, similarly
P18 commented: “Probably the swarm has not stopped, it is just avoiding obsta-
cles right now”. These results support the growing interest in Explainable Plan-
ning (XAIP), as shown by many planning contributions such as Human-Aware

3 For anonymity, individual participants are referred to as Pn (e.g. P18) in this chapter.
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Planning and Model Reconciliation [9] and multi-agent path planning [2]. Such
explanations aim to answer human operators’ questions regarding the path for
several agents or clusters of agents to reach their targets [2], such that paths can
be taken simultaneously without the agents colliding. However, the research on
explainable swarm path-planning is still limited and requires further attention.

Communication. The collective decision-making process is the outcome of an
emergent phenomenon that follows localised interactions among agents yielding
a global information flow. As a consequence, to investigate the dynamics of col-
lective decision-making, participants went beyond debugging consensus between
agents and asked questions related to the communication between swarm agents,
e.g., P7 pointed out the following question: “What is the synchronisation status
between swarm agents?”. Participants also brought up that swarm failure in our
examples could be critically related to a failure in ensuring the appropriate flow
of behavioural information among agents, both in terms of information quantity
and accuracy, e.g., P21 commented on the failure in Fig. 1.B: “because the envi-
ronmental condition is limiting the connection between agents” and P18 added:
“Perhaps one of the casualties moved on / no longer is, therefore state was not
updated”.

Scheduling-based. Task scheduling in swarm robotics is a collective behaviour
in which robots distribute themselves over different tasks. The goal is to max-
imize the performance of the swarm by letting the robots dynamically choose
which task to perform. Yet, in many applications, human operators are still
required to intervene in scheduling plan and adapt accordingly. In our question-
naire, participants’ understanding of particular swarm failure was sometimes
associated with an initial task scheduling. Questions and explanations related
to task scheduling were mentioned in both scenarios. For instance, P2 and P21
explained casualty detection failure (Fig. 1.B) with the following explanations,
“Because this casualty should be detected by another cluster”, and “Because the
inatial scheduling plan did not allocate enough robots”. Interestingly, regardless
the failure scenarios, our participants repeatedly suggested questions with a pat-
tern proposed by Miller [?] which have a contrastive nature of explanation that
are often implying why not another scheduling plan is feasible. For instance,
P19 asked the following question: “Why is a cluster c1 better than cluster c2 in
performing task t1¢”7. Our data also showed a set of questions that require inter-
active scheduling-based explanations, where the human operator can understand
the consequences of the scheduling plan. This pattern is pointed out by Wang et
al. [?] as what-if questions, P12 mentioned: “What if cluster c1 were to do task
t1 rather than task t29”7.

Hardware. Even though the quality and robustness of the hardware are increas-
ing, hardware failure is still quite common. Participants explained the failure of
the swarm with a link to a hardware problem. For instance, when the swarm
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was not able to detect all the casualties in the area, P17 commented: “because
of faulty in the sensors”. Our participants also discussed that explanations of
hardware are necessary to give human operators actionable explanations to ei-
ther better utilise the swarm or to improve the swarm performance, e.g., send
more swarm agents to the location. There was also a typical pattern among par-
ticipants’ feedback to explain swarm behaviour or failure based on its hardware
boundaries and limitation as well as environmental and training data limitations.
For instance, P11 explained unexpected behaviour in Figure 4.1: “Because some
agents have limited speed capabilities, so they are waiting for each other”, and
similarly, P14 explained Figure 4.2 failure, “the swarm semsors have low image
mput”.

Architecture and design. Participants also found many reasons for swarm
failures based on the swarm architecture or design decisions of the system. This
category did not appear frequently in the data, and participants mentioned five
explanations and six questions. Participants recognised that potential failure or
unexpected behaviour can be related to initial design decisions made by the
systems engineers e.g., P12 answered: “Because the swarm has not got enough
training in such an environment” and similarly, P22 commented: “Because the
transition probability between states is fived”. Participants also took a broader
view of swarm explainability when they discussed questions that can be answered
through descriptive information about the swarm system design. For instance, P1
and P4 asked: “How is the swarm size selected?”, “What is the design method? is
it behaviour-based or Automatic design?.” Currently, these kinds of explanations
are discussed in the XAI literature as an on-boarding activity where human
operators are introduced to the system design architecture to understand its
capability and limitation [8]. These global properties of the system could help
inform the interpretation of swarm behaviour and predictions during critical
decision-making scenarios.

4.2 Challenges faced by swarm experts

In this section, we discuss three main challenges participants faced when design-
ing or developing explanations for swarm robotics.

A trade-off between explainability and Human-Swarm performance.
Participants discussed that developing explainable swarms comes with a criti-
cal analysis of performance-explainability trade-offs that swarm developers have
to face. Participants frequently pointed out that generating explanations does
not come without cost; they mentioned that this could be a computational or
performance cost, e.g., interruption to the human-swarm task. P18 mentioned:
“asking the operator to read an explanation at an emergent situation can be
vital and the explanation might delay the reaction time and distract the oper-
ator”. These observations are consistent with earlier research [22] that showed
explanations can be ignored by human operators when they are perceived as a
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task goal impediment. It has been shown that humans in Human-Al systems
focus to complete the task rather than trying to engage cognitively with Al
systems to understand their behaviour [7]. Such effect can be even amplified in
human-swarm environments where swarm operators might face time constraints
and multitasking as well as large numbers of agents to monitor. In summary,
participants argued that integrating explainability in the Human-Swarm task is
difficult — numerous design decisions require trade-offs involving explainability,
workload and usability.

Increasing the number of agents would increase the complexity of
explanation generation The xSwarm challenge is significantly more difficult
than other XAI areas since a swarm’s decision is dependent on numerous pa-
rameters linked to numerous agents [?]. Participants pointed out that there is a
scalability problem in swarm explainability, i.e., increasing the number of agents
in a swarm will exponentially increase the complexity of the explanation gener-
ation. P12 mentioned: “explainable swarm can have an extreme cost when the
swarm size is 100”. Similarly, P2 added: “some of the technical reasons that led
to the decision are relevant to a given user; as the number of agents increases, the
non-relevant information increases exponentially”. For these reasons, simplicity
as a usability feature for explanation can be essential in swarm environments.
Simplicity states that explanations generated by Al systems should be selective
and succinct enough to avoid overwhelming the explainee with unnecessary in-
formation [26]. In response to this challenge, participants suggested that future
swarm systems shall include methods and tools to help summarise explanations
generated by swarm agents, e.g., P20 suggested: “Human operators cannot deal
with loads of explanations, there should be some tools to provide a summary of the
swarm decision”. In one relevant research, Mualla et al. [20] addressed this issue
and presented a novel explainable swarm architecture with a filtering feature to
filter explanations generated from swarm agents. They conduct a user evaluation
with three experimental groups: “No explanation: the swarm does not present
an explanation”, “Detailed explanation: the swarm presents explanations gener-
ated by each agent” and “Filtered explanation, the swarm presented a filtered
explanation of each agent”. They showed that filtering explanation was the most
preferable option for participants and lead to more trust and understanding of
the swarm behaviour.

The soundness of swarm explanations is difficult to achieve The sound-
ness of an explanation measures how truthful an explanation is with respect to
the underlying system state [26]. Participants stated that they faced difficulties
to generate explanations that are sound and complete because, in some con-
texts, information might be unavailable or outdated, P7 mentioned: “A wvariety
of technical factors like bandwidth limitations and swarm size, an environmental
condition factors associated with swarms diminish the likelihood of having perfect
communication, which negatively impacts generating explanations that are com-
plete and sound”. To address this challenge, participants suggested explanation
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generation tools in swarm robotics shall take into consideration the validity of
the available information to generate an explanation for a swarm action. P16
mentioned: “swarm explanation algorithms should have metrics to measure the
soundness of their explanations before presenting it to operators”. Participants
also suggested that outdated information about the swarm may result in an out-
dated explanation which may degrade Human-Swarm performance and trust,
P4 raised this issue: “Sometimes the swarm explanation might be not synchro-
nised with the current state of the swarm, in these cases, it might be better to
avoid showing this information to human operators”. Previous empirical studies
discussed this issue and showed that erroneous actions taken by the human op-
erator to progress toward the overall goal will be amass if actions are based on
outdated swarm explanations or information [27]. Future xSwarm research may
need to consider discovering mitigation strategies to break the error propagation
cycle that may emerge from outdated explanations.

5 Conclusion

Although the research in eXplainable Al is gaining a lot of interest from industry
and academia, the research on explainability for swarm robotics is still limited.
In this paper, we presented results from an online questionnaire with 26 swarm
experts to outline the design space of eXplainable Swarm (xSwarm). In partic-
ular, we presented a list of explanations generated by swarm experts to explain
swarm behaviours or failures and what kind of questions do they ask to debug
the swarm. Our work provides concrete taxonomy of what xSwarm would look
like from swarm experts’ perspective, serving as an initial artefact to outline
the design space of xSwarm. Our work suggests opportunities for the HCI and
swarms robotics communities, as well as industry practitioners and academics,
to work together to advance the field of xSwarm through translational work and
a shared knowledge repository that represent an xSwarm design space. Finally,
we cannot claim this is a complete analysis of xSwarm design space. The re-
sults only reflect swarm experts’ views using an online questionnaire. Future
work could use our taxonomy as a study probe for in-depth investigation with
multiple stakeholders in swarm systems to further enhance our taxonomy.
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