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The increasing deployment of low-cost mobile robotic platforms offers transformative potential for addressing dull, dirty, and
dangerous tasks across sectors such as defence, nuclear, logistics, and agriculture. Forecasts project the global multi-robot
systems (MRS) market to exceed $5.9 billion by 2028, driven by demand for scalable, autonomous solutions. As Mobile
Multi-Robot Systems (MMRS) transition from research prototypes to operational assets, the design of effective human–robot
interaction (HRI) becomes a critical enabler of safe, efficient, and mission-relevant deployment. Non-dyadic deployment,
where the number of robots exceeds the number of human operators, is the natural extension to maximise benefit by delivering
systems at increased scales. Thus, this paper is the first systematic review to focus on the application of HRI paradigms
exclusively to non-dyadic MMRS.

The systematic literature review employed the PRISMA methodology, analysing 2,314 peer-reviewed papers sourced
from ACM and IEEE repositories. This paper identifies three persistent gaps in the MMRS interaction literature: (1) the
limited treatment of Manned-Unmanned Teaming (MUM-T) as an operational scenario, and (2) the under-utilisation of
Consumer-Off-The-Shelf (COTS) wearable devices as viable interaction paradigms. Additionally, (3) the paper introduces a
structured reporting framework to enhance consistency, replicability, and contextual richness in MMRS interaction studies,
elevating the comparative and practical value of future work.

Identified gaps, and the proposed reporting framework, are particularly salient in light of expanding global investment
and the trajectory toward increasingly complex, cross-sector MMRS deployments. By supporting structured future research
directions and enhancing reporting practices, this paper contributes to advancing the state-of-the-art in MMRS interaction,
fostering more impactful and practically relevant research outcomes. For researchers and practitioners alike, this review
provides a foundation for designing scalable multi-robot interaction that meets the demands of tomorrow’s autonomous
systems, where human oversight must remain effective, as robot numbers grow.

CCS Concepts: • Human-centered computing → Interaction design theory, concepts and paradigms.

Additional Key Words and Phrases: Human-robot interaction, multi-robot systems, mobile robots, systematic, literature review

1 Introduction

1.1 Background
Mobile multi-robot systems (MMRS) are increasingly utilised across various sectors, including defence, emergency
services, security, and industrial logistics [151]. The ability for a human to control and coordinate multiple
robots simultaneously has become a key capability across diverse applications, especially as tasks grow in
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complexity and operational environments become more unpredictable. Traditionally, research has focused on
dyadic human-robot interactions (HRI), where one operator controls one robot. However, robotic platforms are
being deployed in increasingly large numbers [2], forming growing MMRS which utilise system scalability to
increase capability. In these modern non-dyadic contexts, the number of robots routinely exceeds the number
of human operators, presenting unique interaction challenges. In this review, non-dyadic interaction is defined
solely by a robot–operator ratio greater than one, i.e., scenarios in which the number of robotic platforms exceeds
the number of human operators. This definition is agnostic to the number of operators involved and does not
impose assumptions about whether operator roles or responsibilities are static or dynamic, which are treated as
contextual variables within the reviewed literature.

To support human interaction, there is a simultaneous and ongoing development in advanced interaction
paradigms such as gesture-based control [7, 18, 82], brain-computer interfaces (BCIs) [9, 58, 67], virtual reality
(VR) [85, 107, 116], and wearables [16, 39, 136] which are enabling operators to interact with multiple robots
in novel ways. Despite these advances, there remains a significant gap in understanding how these interaction
techniques perform in non-dyadic settings with MMRS, where a single operator must manage several robots
across various operational domains. Huang et al. [56] identified the limiting factor in human-multi-robot teams
as “user interface design and the cognitive load of the human supervisor”. This key challenge highlights the need
for further research into HRI with MMRS.

Overcoming this knowledge gap, and realising non-dyadic MMRS deployments as an everyday tool, will
revolutionise operations across a range of mission-critical applications. The ability for a single operator to manage
and collaborate with multiple robots enables significant gains in scalability, efficiency, and responsiveness. In
disaster zones, swarms of ground or aerial robots can rapidly survey damage, locate survivors, and deliver
aid with minimal human risk. In agriculture, MMRS can autonomously monitor crops, deploy treatments, and
optimise yields at scale. Defence, infrastructure inspection, and warehouse logistics likewise stand to benefit
from MMRS’ capacity to perform complex, distributed tasks simultaneously, with reduced manpower and greater
precision. These benefits are only realisable, however, with interaction paradigms that allow humans to remain
situationally aware, in control, and confident in their decision-making, despite the increasing autonomy and
number of platforms involved.

As MMRS continue to grow in scale and relevance, so too does the need to understand how interaction
paradigmsmust evolve to support their effective deployment.This review seeks to bridge that gap by systematically
analysing existing research on human interaction with MMRS in non-dyadic contexts. By exploring current
trends, identifying technological enablers, and exposing new research challenges, this paper aims to provide a
foundation of knowledge for the next generation of HRI paradigms in MMRS.

1.2 Problem Statement
In non-dyadic contexts, operators face a wide range of challenges, including increased cognitive load, reduced
situational awareness, and heightened interaction complexity. These challenges emerge as the number of robots
under an operator’s control increases, particularly in dynamic and unpredictable environments. Unlike dyadic
interaction, where attention and control can be devoted to a single system, MMRS demand that an operator
divide their cognitive resources across multiple uncrewed systems, each potentially carrying out different
tasks in different locations. The need to monitor system health, interpret status updates, make mission-critical
decisions, and intervene across multiple platforms simultaneously places significant strain on human cognitive
and perceptual capacities [75]. These demands are compounded in mobile systems, where spatial reasoning,
coordination, and navigation introduce further layers of complexity compared to static robotic installations [151].

Crucially, these challenges manifest through the interaction itself, which becomes a limiting factor in effective
MMRS supervision and control. The requirement to provide timely identification and response to individual
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robots within a larger group, and to oversee MMRS while engaged in alternative primary tasks, increases the risk
of cognitive overload and delayed or suboptimal interventions. As MMRS scale, the design of effective interaction
modalities becomes critical in enabling operators to manage these systems safely and efficiently.

Recent survey work has begun to consolidate understanding of specific interaction technologies relevant to
HRI at scale. For example, Wang et al. provide a comprehensive systematic review of XR-enabled remote HRI
systems, synthesising interaction modalities, interface designs, and evaluation practices across a broad set of
predominantly dyadic and small-scale scenarios [145]. While such surveys offer valuable insights into the role of
XR in remote HRI, they do not explicitly frame interaction challenges around non-dyadic control or analyse how
interaction paradigms must adapt as the robot-to-operator ratio exceeds one, particularly for MMRS.

Thus, this paper seeks to review the state-of-the-art in interaction paradigms applied to MMRS, in order to
identify opportunities and challenges in the academic literature. This work is intended to guide future research
directions in optimising HRI in non-dyadic scenarios with MMRS.

To the best of our knowledge, this is the first systematic literature review to specifically examine non-dyadic
interaction withMMRS. This work builds upon prior foundational studies, such as the survey by Dahiya et al. [28],
which used a systems and interaction graph approach to classify multi-agent systems and explore computational
characteristics of robot control. However, previous studies have not focused specifically on the interaction
challenges that arise when the number of robots per human operator exceeds one (robot-operator ratio > 1), a
framing particularly critical in scalable MMRS deployments. Moreover, while prior surveys encompass a broad
range of robotic systems, our review specifically focuses on mobile platforms, where motion, spatial coordination,
and task variability are themselves unique HRI challenges distinct from those of stationary systems such as robot
arms.

In this paper, we take a technology-driven approach to analysis, surveying how advanced interaction paradigms
(such as gesture-based input, Extended Reality (XR), and BCIs) are enabling new forms of control and supervision
in non-dyadic MMRS contexts. We provide a consolidated understanding of the current state of research and
establish a foundation for innovation in future interaction design for scalable robotic systems.

The primary objective of this paper is to understand the current state-of-the-art interaction paradigms used in
non-dyadic MMRS. The specific objectives are:

• To identify the opportunities and challenges in non-dyadic MMRS HRI in the academic literature.
• To provide recommendations for future research directions aimed at improving HRI in large-scale, non-
dyadic MMRS across a diverse set of applications.

1.3 Overview of the Paper
Based on a systematic literature review of major academic repositories, this paper applies both a contextual
(top-down) analysis and a technological (bottom-up) analysis to the complex field of MMRS HRI. These two
perspectives provide: (1) a thorough understanding of the current research landscape; (2) identification of key
research challenges and gaps; and (3) the proposal of a new reporting framework for future MMRS HRI research.
The paper is structured as follows: Section 2 outlines the review methodology. Section 3 presents the contextual
analysis, examining operator roles, platform characteristics, and interaction dynamics. Section 4 delivers the
technological analysis of interaction techniques. Section 5 summarises key findings and introduces the proposed
reporting framework. Section 6 discusses parallel challenges to MMRS HRI technique development, including
platform autonomy levels, team dynamics, and multi-modal interaction approaches. Finally, Section 7 offers
concluding remarks, limitations, and recommendations for future research.
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2 Methodology

2.1 Approach
This review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) frame-
work [108]. The PRISMA flow diagram presented in Figure 1 illustrates the process from the initial search to the
final selection of papers. This process consisted of four main stages:

(1) Identification: A comprehensive search of the ACM Digital Library and IEEE Xplore databases yielded
2,314 records, with 2,303 unique results. The search strategy is outlined in Section 2.2.

(2) Filtering: Titles and abstracts were screened against inclusion and exclusion criteria, presented in Section
2.3, removing studies not focused on MRS or interaction paradigms. This stage retained 239 papers.

(3) Screening: Full-text reviews, described in Section 2.4, ensured alignment with inclusion criteria, particu-
larly on mobility and publication type. This reduced the set to 139 eligible studies.

(4) Inclusion: These 139 papers were selected for in-depth analysis, reflecting a 6.00% acceptance rate from
the initial 2,314. The data extraction from the included papers is described in Section 2.5.

Fig. 1. PRISMA flow diagram showing how 2,314 records from ACM and IEEE were reduced to 139 included papers.

2.2 Search Strategy
Searches were conducted within the two most relevant academic research repositories, the ACM Digital Library
and the IEEE Xplore database. These repositories were chosen due to their extensive collections of peer-reviewed
papers in HRI and MMRS, by virtue of hosting the largest conferences and journals in these fields.

The search strategy was constructed to comprehensively capture literature at the intersection of six core
dimensions: (1) robotics and autonomous systems, (2) multi-robot systems, (3) human-robot interaction, (4)
interaction paradigms, (5) timeliness of research, and (6) publication quality. The set of keywords under each
dimension was developed iteratively through collaborative workshops within the academic team, drawing on
domain expertise and prior literature. As the search progressed, additional relevant terms were identified from
paper abstracts and keyword metadata, and the search string was refined accordingly to improve recall without
sacrificing relevance.

The final search strategy comprised the following six components:
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• Component 1: A broad reference to robotic or uncrewed platforms, including terms such as “robot*”, “un-
manned”, “uncrewed”, “UAV”, “UGV”, “USV”, “UUV”, “autonomous”, “platform*”, “vehicle*”, and “drone*”.

• Component 2: A focus on studies concerning multiple platforms, using terms like “multi?robot*”,
“swarm*”, “collective*”, “team*”, “distributed”, “cooperative”, and “collaborative”.

• Component 3: Emphasis on HRI, encompassing terms such as “interface*”, “interaction*”, “command
and control”, “teleoperat*”, “remote operation”, and “user experience”.

• Component 4: A specific focus on interaction paradigms, incorporating terms such as “touch*”, “ges-
ture*”, “haptic”, “augmented reality”, “virtual reality”, “brain-computer interface”, and “natural language
processing”.

• Component 5: Relevance in timeliness of publication through a time filter as only articles published
since the turn of the millennia are included, between January 1, 2000 and April 1, 2024.

• Component 6: Publication type was limited to full conference and journal articles, excluding short
papers, posters, and technical reports. This ensures only high-quality, and peer-reviewed, papers were
included.

The final search strings and formatting details for both repositories are provided in Appendix A. The search
returned 2,314 papers: 176 from ACM, and 2,138 from IEEE. The disproportionate distribution between the two
repositories may reflect broader topical coverage in IEEE for robotic systems and control engineering. After
removing 11 duplicates, 2,303 papers were subject to further filtering.

2.3 Inclusion and Exclusion Criteria
The following inclusion and exclusion criteria were applied to the papers returned by the search engines.

Inclusion Criteria
• Human-Robot Team and/or Multi-Robot System: Papers involving two or more autonomous or
uncrewed robots, in non-dyadic settings (robot-operator ratio > 1).

• Interaction Paradigms as the Primary Focus:Only papers in which the development and/or evaluation
of interaction paradigms was the core contribution are included.

• Platform Mobility: Only mobile robots (UAV, UGV, USV, UUV) are included.
Exclusion Criteria

• Single-Robot Systems: Papers that involved only one robot were excluded.
• 1-to-1 Operator-Robot Mappings: Papers in which each robot was controlled by a dedicated human
operator (1-to-1 interaction), even if multiple robots were involved, were excluded.

• Incidental Interaction: Papers mentioning interaction without substantive focus were excluded.
Applying these criteria, 2,064 papers were excluded (1,458 for failing both criteria, 83 for lacking interaction

focus, and 523 for not being MRS-related), resulting in 239 papers proceeding to the screening stage (10.76%
acceptance).

2.4 Screening Process
The screening process involved a full review of each paper that passed through the initial filtering stage. We used
this to ensure the correct application of the inclusion and exclusion criteria and to verify that the actual content
of the research aligned with the claims made in the abstract.

A common issue encountered during this stage was the discrepancy between the abstract and the full content
of the paper. In 54 cases, the plurality of robots referred to in the abstract did not reflect the actual implementation
described in the research, where only a single robot was involved. These papers did not fulfil the MRS requirement
and so were removed. Additionally, particular attention was given to the application of the publication type filter.
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Despite including this filter in the initial search, the databases returned extended abstracts, contents pages, and
other documents that did not meet the requisite standards of academic rigour. It was only possible to ascertain
this on a full read of the papers, thus they were removed during the screening process.

100 records were excluded throughout the full-text screening. The reasons for exclusion comprised: 5 were not
full academic papers; 41 lacked mobile platforms; and 54 were not considered MMRS. By the end of the screening
process, 139 papers remained from the initial 2,314 search results, representing a 6.00% acceptance rate overall.
These 139 papers form the core set for the literature review.

2.5 Data Extraction and Analysis
From the final set of 139 papers, data extraction was performed using a structured coding framework. Each paper
was read in full, and relevant information was systematically recorded in a bespoke spreadsheet using predefined
data categories including: empiricism, interaction paradigm, autonomy level, and robot-operator ratio. Free-text
notes captured additional methodological nuances and context-specific insights. This approach enabled both
quantitative aggregation and qualitative thematic analysis, ensuring a comprehensive and reproducible synthesis
of the literature. The selection and importance of these categories is discussed further in Section 5.3, where they
form the basis of our proposed reporting framework. Specifically, the following data categories were extracted:

• Empiricism: Yes/No classification of whether the study was grounded in empirical data (e.g., through
experimental testing with robots and human operators) or whether it was more theoretical in nature.

• Type of Testing: Classification of whether testing was conducted in physical environments using actual
robotic platforms; only in simulated environments; or if no testing took place at all.

• Interaction Paradigm: Documenting the diversity of interaction paradigms, including traditional control
(such as joystick or GUI-based interfaces) as well as novel paradigms (such as BCIs, gesture control, voice
commands, haptic feedback, and XR interfaces).

• Application Context: The application domains for the interaction paradigms. This encompassed the
specific operational context in which the robots were being used, providing insights into the performance
requirements and constraints of the interaction paradigms in different settings.

• Operational Domain: Referring to the type of robotic systems being studied, categorised into aerial
(UAVs), ground (UGVs), surface (USVs), and underwater (UUVs) domains. The domain of operation was
important to distinguish the different challenges and needs for HRI across these diverse environments,
which have varying levels of complexity.

• Number and Ratio of Operators and Robots: Non-dyadic interaction contexts necessitate that the
number of robots exceeds the number of human operators. Therefore, the number of robots and the
number of operators in each study were extracted. From these figures, the robot-operator ratio is derived.

• Operational Positionality: Identified whether the operator was within line-of-sight (LOS) of the
platforms being controlled, or were operating beyond-visual-line-of-sight (BVLOS).

• Operational Skill: Consideration given to the skill-set of the operator, by classification as trained or
untrained, irrespective of how minimal the training requirement might be.

• Autonomy Level: Platforms exhibit different levels of autonomy, with the classification system defined
in Section 6.1, resulting in a numeric score between 0 and 5.

• Description of MMRS: The specific terminology used by authors to describe the collective robotic
system, such as swarm, fleet, squad, or team, was also recorded.

• Operator Challenges: Explicit identification of challenges faced by operators in controlling or overseeing
the robotics platforms, for example operator cognitive overload.
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3 Contextual Analysis
This section examines the overarching contextual factors that shape non-dyadic HRI, from a top-down perspective.
These factors were systematically explored through four key research questions:

• What applications are MMRS being applied to? (Section 3.1) - Which application domains (e.g.,
disaster response, agriculture, security) drive the requirements for interaction paradigms, and how do
these domains impose functional or environmental constraints?

• Who interacts with MMRS? (Section 3.2) - What are the roles, team structures, and expertise levels of
operators in non-dyadic scenarios? How do collaborative operator setups influence control strategies?

• Where are the operators located in relation to the robots? (Section 3.3) - How does spatial separa-
tion (e.g., co-located, line-of-sight, remote, VR-mediated) affect interaction modality choice and system
responsiveness?

• How do operators interact with MMRS? (Section 3.4) - What techniques are used to distribute
cognitive load, assign control authority, and enable scalability in controlling many robots simultaneously?

These four questions provide a structured analytical lens that emphasises the human-side of interaction and the
operational demands placed on MMRS in real-world deployments. Each of the following subsections addresses
one of these questions in turn, drawing on findings from the reviewed literature to unpack the implications for
MMRS interaction design.

3.1 What applications are MMRS being applied to?
We identified Search and Rescue (SAR), and Military and Defence use cases as the most commonly studied.
Figure 2 shows the distribution of the most common application contexts identified in our paper set, presenting
45 of the 139 (32%) papers analysed. For clarity, only application contexts with an occurrence of three or more
papers are shown. All other papers either specified more unique application contexts (39%) or did not specify
an application context at all (18%). Notably, beyond SAR or Military use, all other categories were similarly
represented at low levels (with four or fewer papers), indicating relatively little depth of research in applied HRI
for MMRS across most application contexts.

Application context is a key driver of requirements for interaction system design, providing functional and
environmental constraints. Where SAR and military use are prominent, this infers HRI designed for deployment
of dispersed robotic systems over wide areas for tasks akin to wide area surveillance.

However, the contextual links between the research presented in papers and indicated application contexts, can
be tenuous. As an example, Jeston-Fenton et al. present an Android-based platform for visualising swarm metrics
such as grouping, alignment, fragmentation, and coverage in real time during human-swarm interaction [63].
Their use of boid-based swarming and interactive “breadcrumb” controls offers valuable insights into how users
might influence and interpret swarm behaviours. However the work lacks grounding in a specific operational
context. The experiments are framed generically in terms of “coverage missions” without reference to real-world
scenarios (such as search-and-rescue operations, environmental monitoring, or military patrols) where such
metrics would directly inform human decision-making. This exemplifies a broader issue identified in the literature.
While HRI research often introduces compelling interaction paradigms or interfaces, it frequently abstracts away
from the mission-specific requirements, constraints, and utility that would validate the relevance of such systems
in applied MMRS contexts. In our dataset, for instance, 25 papers (18%) provided vague or no application context,
categorised as “None” in our analysis, while a further 54 papers (39%) were grouped as “Other” reflecting niche
or unclear operational framings. Combined, this indicates that over half of the papers reviewed lacked clear
anchoring to specific, mission-focused application domains. Without this contextual anchoring, the practical
value of the interaction method, however well designed, remains speculative.
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Fig. 2. Distribution of application contexts - showing the wide distribution of applications, with Search and Rescue being
most frequently occurring.

3.2 Who interacts with MMRS?
The operator’s themselves, their background, training and expertise, are key variables shaping MMRS interaction.
This subsection focuses specifically on operator expertise, particularly the distinction between trained and
untrained operators, as a contextual factor in shaping interaction outcomes. The majority of MMRS control
scenarios analysed in this review involved individual operators, with only 7% of studies examining collaborative
team-based control. Broader reflections on operator team structures are presented in Section 6.2.

To assess expertise levels, operators were classified as either “trained” or “untrained”. A trained operator is
defined as having prior experience in robotic control or having received explicit training as part of the study
protocol. If no such experience or training was described, or if the study explicitly stated otherwise, the operator
was considered untrained.

Only 32% of studies in the review involved trained operators, with the remaining 68% using untrained partici-
pants. While the impact of this split is difficult to quantify, prior literature in human-autonomy teaming highlights
that operator experience significantly affects performance, interface preferences, and error rates [19, 96].

Two examples illustrate this disparity. In Dudek and Schulte’s study on UAV task delegation, trained fighter-
jet pilots conducted twelve simulated missions following a dedicated three-hour training programme [37]. By
contrast, Abdi and Paley’s work on gesture and haptic control of an aerial swarm used untrained operators,
specifically the authors themselves, with no structured training or performance baseline [1]. While both papers
contribute meaningful insights into HRI methods, the latter typifies a broader issue in the field: interaction
paradigms are often evaluated in isolation from operational context and user expertise, limiting their practical
applicability.

3.3 Where are the operators located in relation to the robots?
Operator positionality, or where the operator is located relative to the robotic platforms during interaction, was
assessed across three categories: Onboard (the operator is co-located on a platform within the MMRS), Line of
Sight (LOS) (the operator has a direct visual of the robots), and Beyond Line of Sight (BLOS) (the robots are
outside the operator’s direct view, requiring mediated feedback through screens, headsets, or interfaces).

Overall, most papers examined interaction with MMRS in LOS or BLOS contexts, with 47% featuring BLOS
control, 29% LOS, and only 2% considering onboard operation (see Figure 3). A notable 22% of papers did
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Fig. 3. Distribution of operator positionality in reviewed papers. BLOS: Beyond Line of Sight, LOS: Line of Sight.

not articulate operator positionality, particularly when interaction was evaluated only in simulation without
real-world operational framing.

BLOS scenarios were the most frequently studied (47%), reflecting the need to supervise and control MMRS
remotely using abstracted data representations such as 2D maps or XR overlays. For instance, VR headsets are
sometimes used even when operators are near the platforms, effectively shifting an LOS scenario to BLOS by
obscuring direct vision of the robots during operation [54].

LOS studies explored interactions where the operator directly observes the robots, such as UAV swarms
operating in a confined environment or collaborative UGV tasks in an industrial or field setting. These papers
leveraged gesture-based or tangible interfaces, benefitting from the direct perception of robot actions for effective
command and supervision [105].

Onboard operation was considered in only 3 papers (2%), framed under “Manned-Unmanned Teaming” (MUM-
T). For example, one paper explored pilots delegating tasks to UAVs via GUIs, voice commands, and gaze tracking,
concluding that voice commands provided the best performance and resilience [37]. Another paper examined a
pilot coordinating six UAVs using a tactical monitor while supported by a ground control station [70]. In a third
case, operators inside an Autonomous Ground Vehicle supervised a UAV and UGV, with findings indicating that
combining tactile and visual alerts supported multitasking without increasing perceived workload [114]. While
these studies offer valuable insights into MUM-T interaction, onboard contexts remain underexplored within
MMRS research.

A substantial portion (22%) of papers were categorised as unclear regarding operator positionality. This
typically occurred in studies trialling new interaction paradigms exclusively in simulation, without specifying
or constraining operator positioning in a plausible real-world scenario. For example, third-person, birds-eye
3D views of UAVs in collaborative manipulation simulations are feasible for evaluating interaction designs but
are impractical in real operations, unlike GPS-based map overviews used for BLOS supervision [97]. This lack
of contextual clarity limits the interpretability of findings and the practical transfer of proposed interaction
paradigms to applied MMRS settings.

3.4 How do operators interact with MMRS?
Understanding how operators interact withMMRS, particularly roles and control strategies, is central to advancing
scalable HRI. Operators typically engage with MMRS in either “active” or “supervisory” roles, a distinction shaped
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Fig. 4. Distribution of number of operators - showing that 1 operator is used in 126/139 papers surveyed.

by system autonomy levels [54]. Active roles involve direct control of robot actions (human-in-the-loop), while
supervisory roles focus on higher-level tasking and oversight (human-on-the-loop). Achieving scalable MMRS
control necessitates moving from dyadic, direct control to supervisory oversight, supported by increased autonomy
of the robot team.

Figure 4 shows that in the vast majority of reviewed papers (91%), a single operator was responsible for
controlling the MMRS, with only 3% involving two operators, 2% using four operators, and 5% unclear. This
distribution strongly suggests that most studies assume supervisory rather than active control, as it is practically
impossible for a single person to actively control multiple complex mobile robots at the same time (just as one
cannot drive several cars simultaneously). Consequently, while supervisory MMRS control has seen substantial
exploration, there is limited research addressing the structuring of high-performance human teams for active
MMRS control, where distributing cognitive and control load across multiple operators is essential.

For example, the ARROCH system by Chandan et al. [21] enables a single user to supervise a robot team
through augmented reality, providing high-level guidance while robots execute tasks autonomously. Conversely,
Walker et al. [141] demonstrate a rare instance of multi-operator active control, using three operators assigned to
piloting, communications, and mixed reality supervision during an outdoor mission.

These examples highlight that while supervisory control for MMRS is progressing, comparatively little research
addresses sharing cognitive load and control authority across operator teams in active control scenarios. This
challenge is further explored in Section 6.2, which discusses robot-operator ratios, role delineation, and human-
robot team structuring for scalable MMRS deployment.

4 Technological Analysis
A technological analysis of MMRS interaction adopts a bottom-up approach, examining individual interaction
paradigms and enabling technologies in detail. This approach focuses on the specific tools and modalities used to
facilitate effective HRI, highlighting their respective strengths, limitations, and suitability for non-dyadic control
scenarios. It further identifies the relative research intensity associated with each interaction paradigm within
the MMRS literature.

This analysis is guided by two key research questions:
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(1) How do the techniques, capabilities, and limitations of each interaction paradigm influence their
ability to address core challenges in MMRS control, including operator workload, situational awareness,
and scalable command of heterogeneous multi-robot teams?

(2) What is the relative suitability of different interaction paradigms for non-dyadic MMRS control, partic-
ularly in terms of their integration potential, their ability to support scalability (i.e., high robot-to-
operator ratios), and the operational challenges they introduce in practical deployment?

Fig. 5. Distribution of interaction paradigms - showing the distribution from popular to fringe interaction in the MMRS
context.

Interaction paradigms vary widely in their design and application, ranging from tactile hardware such as
joysticks to immersive software environments including XR. Each paradigm contributes uniquely to addressing
operator workload, situational awareness, and scalability challenges, as identified in the Section 3 contextual
analysis. The most frequently employed paradigms, as shown in Figure 5, include “wearables and haptics,”
observed in 25% of the reviewed studies, followed by XR (including Augmented Reality (AR), Mixed Reality
(MR), and VR), gesture control, and graphical user interfaces (GUIs), each appearing in approximately 22% of the
papers. Notably, the total number of occurrences exceeds the 139 papers analysed, as many studies employed
multi-modal approaches and reported the use of multiple paradigms. The concentration of studies around a
small set of interaction paradigms suggests that MMRS HRI research remains focused on a limited design space,
with relatively little exploration of how alternative or hybrid paradigms might better support scalability and
non-dyadic supervision.

A comparative analysis of these paradigms was developed through a synthesis of all 139 reviewed papers,
focusing on studies that implemented, evaluated, or discussed each respective interaction paradigm in MMRS
contexts. The comparative assessment presented in Table 1 is derived from recurring patterns reported across the
literature, rather than from an external or subjective evaluation. In this context, suitability reflects how well a
paradigm’s interaction characteristics align with MMRS control demands such as precision, abstraction level, and
operator workload; integration captures the extent to which a paradigm is reported to interface with existing
robotic architectures, middleware, and multi-modal control frameworks; scalability reflects the degree to which a
paradigm supports increasing robot-to-operator ratios, either directly or through abstraction and autonomy; and
challenges summarise recurring limitations, trade-offs, and operational constraints identified across the papers
reviewed.

Noting, whilst other interaction modalities such as gaze tracking [26, 90], mobile and web-based control
[63, 126], tangible interfaces [32, 48, 128], deformable interfaces [34], and driving simulators [83] are also present
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in the literature, these appeared too infrequently to warrant dedicated subsections. The analysis therefore focuses
on the most prevalent paradigms to provide meaningful insight into the current state-of-the-art in MMRS
interaction.

The subsequent subsections explore each interaction paradigm in detail: joysticks and controllers (Section 4.1);
wearables and haptics (Section 4.2); gesture control (Section 4.3); extended reality (Section 4.4); voice interfaces
(Section 4.5); and brain-computer interfaces (Section 4.6). Each subsection outlines the technique’s operational
characteristics, capabilities, and limitations. Taken together, the comparison reveals a trade-off between interaction
richness and scalability, where paradigms offering fine-grained control tend to increase operator workload at
scale, while more abstracted paradigms shift cognitive and trust-related demands onto the operator.

4.1 Joysticks and Controllers
4.1.1 Technique. Joysticks and controllers represent a direct manipulation interaction paradigm charac-
terised by hand-held devices that translate physical movements into continuous control inputs. This paradigm
is commonly employed in traditional robotic teleoperation, leveraging analogue sticks, buttons, and triggers
to enable real-time control over robotic systems. In MMRS contexts, joysticks are predominantly utilised in
low-autonomy configurations or direct teleoperation modes, particularly where high-fidelity control of individual
robots is required, or when direct supervisory override is necessary. Examples of joystick-based controllers are
shown in Figure 6.

Fig. 6. Joystick controller examples - to include consumer grade (left); custom (middle); and commercial grade (right).

Some of the earliest included papers [73] used a joystick controller, and this has continued in various forms
throughout the study period [5, 124, 150, 154]. Joysticks were observed as a primary interaction paradigm in only
13% of the papers analysed, but took a number of different forms, including:

• Game Controllers [3, 67]
• XR-based Hand Controllers [98, 111]
• Multi-DOF Controllers [73, 154]

4.1.2 Capabilities. The continued prevalence of joystick-based paradigms in MMRS control is tied to their
longstanding use in teleoperation scenarios, particularly in 1:1 robot-to-operator contexts [3]. One key advantage
is their low-cost accessibility, as operators can leverage widely available commercial gaming hardware, such as
Xbox or PlayStation controllers. This reduces overall development costs and simplifies hardware procurement,
while also benefiting from robust and well-established supply chains. Another contributing factor is the familiarity
of these devices; many operators have prior exposure to gaming controllers, which reduces cognitive barriers
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Technique References Suitability Integration Scalability Challenges

Joysticks &
Controllers

[3, 5, 9, 10, 41, 50,
67, 73, 86, 98, 107,
111, 116, 120, 124,
150, 154, 155]

Highly suitable for low
to moderate robot counts
where direct control is
needed. Best suited for ap-
plications requiring precise
control and low latency.

Easily integrated with exist-
ing control architectures us-
ing standard protocols. Of-
ten requires minimal modifi-
cation to robot firmware and
interfaces.

Limited scalability due to the
direct control nature. Effec-
tive for small teams but be-
comes impractical for large
swarms due to limited con-
trol channels.

Operator cog-
nitive load
increases with
robot count.

Wearables &
Haptics

[1, 3, 4, 15–17, 24,
36, 39, 42, 49, 51,
52, 60, 68, 69, 86,
90, 92, 93, 97, 114,
115, 117–120, 124,
131, 136, 137, 142,
143, 146, 150]

Suitable for intuitive con-
trol and feedback in mod-
erate to complex MMRS
environments. Best for ap-
plications involving close
operator-robot interaction,
such as telepresence and haz-
ard scenarios.

Integration complexity
varies with device sophisti-
cation. Common standards
(e.g., Bluetooth, Zigbee)
help, but real-time feedback
synchronization can be
challenging.

Limited by the number of
sensory channels and opera-
tor feedback resolution. Ef-
fective for moderate robot
groups but less suited for
large-scale operations with-
out abstraction layers.

Balancing sen-
sory feedback
without over-
whelming the
operator.

Gestures [7, 11, 15, 17, 18,
26, 31, 36, 42, 46,
47, 49, 64, 65, 68,
77, 82, 100, 104,
105, 107, 113, 122,
123, 130, 131, 133,
140, 144, 146, 149]

Suitable for intuitive, high-
level control, especially in
small to moderate MMRS.
Best for tactical tasks where
operators need a hands-free
method of interaction.

Requires integration of com-
puter vision and gesture
recognition software. Effec-
tive for line-of-sight oper-
ations but challenging for
complex scenarios with oc-
clusions.

Limited by the accuracy of
gesture interpretation and
control mapping complexity.
Works better with smaller ro-
bot groups where symbolic
gestures can convey group
commands.

Consistency in
gesture recog-
nition under
varying en-
vironmental
conditions.

Extended Re-
ality (XR)

[21, 22, 25, 30, 31,
36, 38–40, 46, 54,
56, 61, 66, 85, 98,
99, 107, 110, 111,
113, 116, 127, 129,
132, 140–142, 146,
149, 152]

Highly suitable for supervi-
sory control, mission plan-
ning, and immersive con-
trol interfaces. Best for com-
plex MMRS scenarios requir-
ing spatial awareness and
enhanced situational under-
standing.

Requires high-performance
graphical processing units
(GPUs) and low-latency net-
works. Modern XR plat-
forms support standard ro-
botics middleware like ROS,
improving integration ease.

Moderate scalability due
to graphical limitations
and real-time rendering
constraints. Best when
combined with autonomous
behaviours and abstracted
control layers for large robot
teams.

Hardware limita-
tions, especially
for AR in field
conditions.

Voice [16–18, 31–33, 35,
37, 43, 46, 47, 53,
64, 98, 101, 106,
107, 109, 112, 113]

Best suited for high-level
task delegation rather than
fine-grained control. Effec-
tive in structured environ-
ments with limited back-
ground noise.

Relatively straightforward
using voice command soft-
ware and NLP engines (e.g.,
Alexa Skills, Google Assis-
tant APIs). Accuracy can
be affected by environmen-
tal noise, requiring noise-
cancelling systems.

Limited for fine control but
scalable for issuing broad
task-level instructions to
MMRS. Works best when
paired with a hierarchical
command system.

Speech ambiguity,
multilingual sup-
port, and noise in-
terference.

Brain-
Computer
Interface
(BCI)

[9, 20, 23, 29, 55,
58, 62, 67, 71, 72,
79, 80, 88, 148]

Suitable for specialised use
cases requiring hands-free
control, such as inmedical or
defence scenarios. Often ex-
perimental and requires sig-
nificant calibration for real-
world deployments.

Complex integration requir-
ing specialised hardware
and signal processing
pipelines. EEG-based sys-
tems need highly controlled
environments for reliable
data interpretation.

Currently limited to control-
ling single to small groups of
robots due to signal complex-
ity. Scalability is hindered by
signal accuracy and cogni-
tive strain on the user.

Signal accuracy,
real-time respon-
siveness, and user
training.

Table 1. Comparative Analysis of Interaction Techniques.
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during initial training and promotes faster operator proficiency. Additionally, joysticks enable high-precision, low-
latency control, making them particularly effective for MMRS applications that require fine-grained manipulation
or navigation control of individual robots.

Beyond standard game controllers, specialised implementations of the joystick paradigm have been explored
in high-fidelity use cases. A notable example is the European Space Agency’s “haptic telepresence” system,
which employed a bespoke three-degree-of-freedom joystick with integrated haptic feedback to overcome the
sensory and control challenges associated with microgravity on the International Space Station [120]. However,
such highly tailored solutions remain relatively uncommon in MMRS deployments, where simpler, off-the-shelf
controllers are typical.

4.1.3 Limitations. Despite these advantages, joystick-based interaction paradigms present several significant
limitations when applied to MMRS, especially in non-dyadic contexts with high robot-to-operator ratios. A
primary limitation is their poor scalability. Since joysticks are designed for direct control of individual platforms,
operator cognitive workload increases rapidly as the number of controllable robots grows, rendering the paradigm
unsuitable for large-scale deployments [3]. Additionally, joystick paradigms offer limited situational feedback.
They do not inherently provide operators with environmental or swarm status information, which necessitates
reliance on separate visual or auditory interfaces and can fragment operator attention across multiple display
systems. Finally, the joystick paradigm is predominantly associated with low-level control inputs, such as velocity
and heading adjustments. This characteristic makes them ill-suited to higher-autonomy MMRS scenarios where
abstracted, task-based, or supervisory-level interactions are preferable, limiting their applicability in modern,
scalable multi-robot systems.

4.2 Wearables and Haptics
4.2.1 Technique. Wearables and haptics constitute an embodied interaction paradigmwhere human operators
engage with robotic systems through body-worn devices and tactile feedback mechanisms. Wearables are defined
as body-mounted devices that capture human movement or physiological signals through sensors such as inertial
measurement units (IMUs), electromyography (EMG), or capacitive touch inputs. Haptics refers to interaction
modalities that provide physical feedback to the user, typically via vibration or force cues, enhancing situational
awareness by engaging the tactile sensory channel.

These two modalities are grouped within a single interaction paradigm for MMRS control because they are most
commonly co-implemented within the same systems. In the majority of the MMRS literature reviewed, haptic
feedback was delivered via wearable devices such as gloves, armbands, or torso suits. While a smaller number of
studies integrated haptic feedback through alternative interfaces, such as haptic-enabled joysticks, the overall
trend was for haptics to be embedded within wearable devices. Given this observed overlap in implementation, it
was not appropriate to categorise haptics as a fully standalone interaction paradigm within the MMRS context.

From the 139 papers analysed, examples of wearable-based paradigms include:
• Armbands, incorporating EMG, IMU, and vibrotactile feedback modalities [1, 3, 47, 49, 114, 119, 131].
• Haptic torso suits, providing distributed vibrotactile feedback across the body [1].
• Gloves, which enable hand gesture recognition with haptic feedback on the fingertips/ palms [15, 136, 137].

Although consumer-grade wearables such as smartwatches and smart rings are increasingly prevalent in
adjacent sectors [121], no MMRS studies analysed employed such devices. Instead, research predominantly used
bespoke or laboratory-grade wearables with extended sensing and feedback capabilities, reflecting a current gap
between consumer/commercial off-the-shelf (COTS) wearable markets and MMRS control applications.

4.2.2 Capabilities. Wearable and haptic interaction paradigms offer distinct advantages for MMRS control,
particularly in scenarios where operators must remain mobile, multitask, or operate away from fixed stations.
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Compared to joystick-based paradigms, wearables reduce physical encumbrance and allow operators to engage
with robots while moving freely through operational environments [119].

A significant strength of this paradigm is the redistribution of sensory load. By delivering information via
haptics, wearable systems reduce the reliance on already overloaded visual and auditory channels, which is
especially beneficial in complex MMRS deployments. For example, Scheggi et al. [119] demonstrated that haptic
feedback provided via armbands improved performance by reducing cognitive load in multitasking conditions.

Different wearable form factors serve varying purposes within MMRS control. Armbands are commonly
employed for detecting armmovements andmuscle activation patterns via IMU and EMG sensing, often supporting
symbolic or gestural control of robot collectives [1, 3]. Torso suits, typically fitted with vibrotactile actuators,
are used to deliver broad spatial feedback across the body, providing operators with distributed swarm status
updates without relying on head-mounted or hand-held displays [1]. Gloves integrate fine-grained hand gesture
recognition with localised fingertip haptics, allowing for nuanced input and high-resolution feedback, particularly
in formation management and swarm cohesion tasks [15, 136]. Embodied advantages are reported across all
three wearable categories, supporting operators with non-disruptive, body-synchronous control mechanisms in
non-dyadic MMRS contexts.

4.2.3 Limitations. Despite these advantages, wearables and haptics present several notable limitations in MMRS
control. One commonly reported issue relates to signal processing requirements. Many wearable systems,
particularly those using continuous sensing modalities like EMG or IMU, require data processing pipelines
and sometimes machine learning (ML) techniques to interpret raw sensor data into control commands [68].
This can introduce latency, increase system complexity, and lead to occasional misclassification of user intent.
However, this is not universally the case. Simpler wearable systems, such as those employing discrete inputs
via button presses or basic capacitive touch sensing, can operate without ML inference layers, providing direct
and immediate command execution. The trade-off, however, is a corresponding reduction in input richness or
adaptability to user movement.

A second limitation concerns the limited interaction bandwidth of wearable paradigms. The number of reliably
distinguishable gestures or haptic cues is inherently constrained, particularly in mobile or operationally noisy
environments. This limits their scalability for MMRS deployments involving large heterogeneous teams or
high-frequency command inputs [49]. Many wearable systems, especially those focused on gesture-based input,
are optimised for group-level or supervisory commands, rather than fine-grained, continuous teleoperation of
individual units.

Finally, the literature remains mixed regarding cognitive load. Some studies report increased subjective
workload due to the need to remember gesture vocabularies and respond to distributed haptic cues [1], while
others find no significant negative effects, particularly when wearables are integrated into multimodal control
frameworks [114]. This suggests that the cognitive burden is highly dependent on the wearable design, the MMRS
task context, and the level of autonomy afforded to the robots.

This review focuses primarily on interaction paradigms and reporting practices; deeper empirical treatment of
trust dynamics, ethical responsibility, and long-term human factors remains limited in the underlying literature
and warrants dedicated investigation.

4.3 Gesture Control
4.3.1 Technique. Gesture control forms a symbolic interaction paradigmwhere human operators issue commands
to MMRS through predefined physical movements. These movements are detected and translated into machine-
readable commands via a range of sensing modalities, enabling operators to convey high-level intent to robot
collectives without relying on physical contact or traditional hardware controllers. In MMRS contexts, gesture
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control is primarily employed for issuing symbolic commands to entire groups of robots or dynamically assigning
behaviours such as formation changes, navigation goals, or mission phase transitions.

Within the reviewed literature, gesture-based interaction can be broadly distinguished between symbolic
gestures and physical (continuous) gestures. Symbolic gestures consist of discrete, lexically defined hand postures
or movements that map directly to predefined commands or system states (e.g., start, stop, disperse, select). These
gestures dominate MMRS research and are well suited to non-dyadic interaction, enabling efficient group-level
command of multiple robots with low ambiguity. In contrast, physical gestures encode intent through continuous
motion, such as hand or arm trajectories, where control parameters (e.g., direction or magnitude) are inferred from
the gesture dynamics. Such physical gestures are less frequently observed and are limited to coarse supervisory
influence over collective motion, reflecting scalability and robustness constraints in MMRS settings.

The dominant sensing modalities for gesture recognition in MMRS research include vision-based systems
[133], wearable sensor systems (e.g. instrumented gloves) using IMU or EMG data [15, 42, 49], extended
reality (XR) interfaces incorporating optical hand tracking [36, 122, 146, 149], and pure EMG-based muscle
sensing [65, 130, 131].

Figure 7 shows examples of physical gestures used in MMRS studies, highlighting the variety of symbolic and
movement-based input methods deployed in this interaction paradigm.

Fig. 7. Example symbolic (discrete) and physical (continuous) hand gestures used in MMRS control. Image © Filistimlyanin
at iStock, reproduced under licence.

Across the reviewed literature, gesture control in MMRS is most frequently applied in supervisory modes
where operators command multiple robots synchronously. Common applications include controlling swarm
formations [15], directing navigation goals [42], and issuing task-level commands such as initiating surveillance
or payload deployment routines [133]. In a minority of cases, asynchronous control was observed, with gestures
used to select individual robots and issue targeted commands [65]. However, the primary design pattern remains
symbolic, group-level control optimised for non-dyadic operator-robot interactions.

4.3.2 Capabilities. Gesture control offers benefits for MMRS interaction, particularly in environments where
hands-free, mobility-compatible control is desired. Foremost is natural alignment between gestures and human
motor skills, allowing operators to issue commands in an intuitive, body-synchronous manner without reliance
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on intermediary devices [15, 119]. This reduces interface friction and lowers cognitive load compared to indirect
control paradigms.

In MMRS deployments, gesture paradigms are especially well-suited to simultaneous multi-robot control. For
example, [15] demonstrated how symbolic gestures could dynamically adjust swarm formations and movement di-
rections without requiring operators to address each robot individually. This collective control capability enhances
scalability in MMRS applications. Hand-worn gesture interfaces may also incorporate explicit disengagement
and re-engagement modes, allowing operators to suspend and resume gesture input as needed, thereby reducing
inadvertent commands and supporting task switching in non-dyadic MMRS control.

Another advantage is the potential for increased spatial situational awareness, particularly when gesture
control is embedded within XR environments (see Section 4.4). In these cases, gestures are combined with
immersive spatial visualisation, enabling operators to manipulate virtual representations of the robot swarm in
3D space [36, 149]. This combination of interaction modalities improves operator engagement with multi-robot
environments.

Finally, non-contact operation is a significant benefit in MMRS deployments within hazardous environments.
Vision-based gesture systems allow operators to issue commands without physical interfaces, which is especially
advantageous in sterile, contaminated, or safety-critical domains such as nuclear decommissioning or disaster
response [42, 133].

4.3.3 Limitations. Despite these advantages, gesture-based interaction paradigms present several limitations in
MMRS control.

First, gesture recognition accuracy remains a critical issue. Vision-based systems are vulnerable to misclas-
sification under poor lighting, occlusions, and dynamic backgrounds, limiting their reliability in outdoor or
unstructured MMRS environments [65, 133]. Wearable-based systems reduce some environmental dependencies
but introduce their own challenges related to sensor drift and calibration [15].

Second, user fatigue and ergonomic strain are well-documented limitations of gesture paradigms. Studies such
as [15, 36] note that prolonged use of arm or hand gestures leads to physical fatigue, limiting session durations
and negatively impacting operator performance. While wearable and XR-based gestures can mitigate some
ergonomic issues, sustained gesture input remains physically demanding in high-tempo MMRS operations.

A third limitation is the lack of standardisation and associated training burden. Unlike button- or joystick-based
interfaces, gesture paradigms frequently lack universal symbolic mappings. As observed in [42], operators are
required to learn system-specific gesture vocabularies, which increases training time and risks errors during
mission execution, especially in time-critical MMRS deployments.

Finally, latency and computational load are practical concerns, particularly in XR-based gesture interfaces (see
Section 4.4). The need for real-time gesture recognition and fusion with other sensory inputs increases processing
demands, which can introduce latency and decrease control responsiveness in complex MMRS environments
[36, 149].

An additional ergonomic consideration is the hidden cost of hands-free control. Although gestures are cate-
gorised as hands-free, they still monopolise the operator’s upper limbs, reducing the ability to perform other
manual tasks concurrently. This limitation is highlighted by [125], who propose alternatives such as micro-
gestures (e.g., SoloFinger) that allow MMRS control using subtle finger movements while leaving the hands free
for primary tasks. Adaptation of such approaches could offer promising solutions for multitasking operators in
non-dyadic MMRS deployments.

4.4 Extended Reality (XR)
4.4.1 Technique. Extended Reality (XR) is an umbrella term encompassing Augmented Reality (AR), Mixed
Reality (MR), and Virtual Reality (VR), representing a spectrum of immersive digital experiences that blend
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real and virtual environments to varying degrees. In the context of MMRS control, XR enables spatially aware,
intuitive, and immersive interactions, enhancing operator situational awareness and cognitive engagement. The
technology required to implement these interaction techniques is now available off-the-shelf, with VR from the
likes of Meta Quest, AR from Google Glass, and MR from Microsoft Hololens [152].

XR incorporates all instances of AR, MR, and VR observed. As a breakdown, for rates of observation in papers
analysed, this is weighted in favour of VR (52%), then AR (32%), and lastly MR (16%). XR was not observed as
a stand-alone interaction technique, relying on multi-modal interaction through incorporation of one or more
other interaction techniques - such as:

• Hand controllers [98, 111, 116]
• Gestures [46, 113, 140]
• Gaze/head tracking [31, 146]
• Voice control [31, 46, 98]

4.4.2 Capabilities. XR technologies, particularly VR and MR, significantly enhance situational awareness and
mission efficiency in MMRS control. Popović et al. [111] highlighted that immersive XR environments allow
operators to perceive threats and respond more quickly, especially in high-pressure scenarios. The study confirms
that shared control in XR reduces the number of operator instructions, optimising human-swarm teaming
efficiency in time-sensitive environments. Similarly, Huang et al. [56], demonstrated that integrating robot sensor
data with VR visualisations improves operator spatial awareness, reducing cognitive workload and improving
mission success rates. A key strength of XR systems is their ability to allow an operator to take control of any
robot within a team through an immersive interface, a capability that significantly enhances flexibility and
responsiveness, particularly in search-and-rescue applications. Furthermore, in the use of MR, [152] emphasises
that MR can be used to provide virtual training and development environments, reducing the need for costly
physical prototypes and accelerating robotic system development.

4.4.3 Limitations. Despite these benefits, XR-based interaction for MMRS control presents several technical
and operational limitations. One major drawback is the high cognitive load imposed on operators, particularly
in time-sensitive scenarios where multiple visual streams must be managed simultaneously [111]. While XR
enhances awareness, stress and information overload in immersive settings can reduce human performance
under pressure. Another concern is motion sickness, which remains a challenge for sustained XR use, especially
in long-duration or high movement scenarios [56]. Additionally, computational demands pose a limitation; XR
systems require high processing power, making them difficult to deploy on low-power or mobile platforms [56].
Furthermore, Yu et al. [152] notes that occlusion processing and depth perception remain significant challenges
in MR, leading to inconsistencies when blending real and virtual elements. Finally, hardware constraints such as
limited field-of-view, low resolution, and rendering latency can reduce usability and the precision of XR-based
robotic control systems, necessitating further advancements in headset technology and interaction design.

4.5 Voice Control
4.5.1 Technique. Voice control is a natural language interaction paradigm, where operators interact with
MMRS through spoken language processed by automatic speech recognition (ASR) systems.This paradigm enables
command-and-control functionality through speech-based interfaces, allowing operators to issue commands
without physical input devices. In the MMRS context, voice control is primarily used to facilitate hands-free
interaction, often in combination with other modalities such as gesture or graphical user interfaces, forming part
of multimodal interaction schemes.

Voice control within MMRS systems typically follows two distinct approaches. First, command-based models
rely on pre-defined keywords or phrases that trigger discrete actions within the robotic system. Second, flexible
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language models allow for more natural sentence structures, using natural language understanding techniques to
extract intent from operator speech. The majority of MMRS studies favour simplified command-based approaches
to reduce computational complexity and mitigate recognition errors in noisy environments. For example, [18]
employed a flexible parsing method, where the system recognised key action words within sentences without
requiring strict grammar or word order, supporting more adaptable speech interactions during robot tasking.

4.5.2 Capabilities. Voice interaction paradigms offer several practical advantages for MMRS control, especially
in field environments where operators must remain mobile or have their hands occupied with other tasks. A
key advantage is the hands-free nature of voice commands, which removes the need for physical interfaces and
allows operators to maintain mobility during mission execution. This is particularly beneficial in high-pressure
environments such as search and rescue (SAR) or hazardous industrial inspection tasks [16].

Another strength of voice control in MMRS is its low-cognitive load for simple commands. Spoken instructions
align naturally with human communication patterns, allowing for rapid, intuitive issuance of high-level commands
without needing complex manual inputs. This facilitates quick transitions from operator tasks to tasking of robot
teams.

Voice control also offers potential for scalable group command issuance. By framing instructions at the task or
behaviour level (e.g., “all drones proceed to waypoint two”), operators can control multiple robots simultaneously
without needing to sequentially address each unit. Studies also highlight that multimodal integration - combining
voicewith gestures or visual interfaces - further enhances system robustness by allowing operators to disambiguate
ambiguous speech commands through complementary modalities [18].

Empirical results indicate that even in field environments, well-designed MMRS voice systems can achieve
high recognition accuracy. For instance, [18] demonstrated a speech command success rate exceeding 96% in
outdoor operational scenarios.

4.5.3 Limitations. Despite its benefits, voice control presents several limitations for MMRS control. The most
significant is sensitivity to environmental noise. Studies consistently report degraded ASR performance in outdoor
or operational environments characterised by background noise, crowds, or machinery, which are common
conditions in MMRS deployments [16, 18]. For example, [18] noted that their ASR system became unreliable in
the presence of public address announcements and other ambient sounds.

Another limitation is latency and error recovery. While voice input is fast to deliver, real-time system re-
sponsiveness is frequently compromised by recognition lag and the need for error confirmation or correction,
especially in high-noise environments. This can introduce undesirable delays in fast-paced MMRS operations.

Additionally, generalisation across speakers remains a challenge. Systems often require adaptation or training
to handle speaker-specific variations such as accent, pitch, or speaking style [18]. This impacts the ease of
deployment in dynamic MMRS contexts where operator teams may rotate or vary between missions.

Finally, interaction bandwidth is inherently limited by the nature of voice input. While effective for high-level
commands, voice interfaces are less suited for precise or continuous control of individual robots. They work
best when paired with higher-autonomy MMRS configurations or integrated within multimodal frameworks,
supporting supervisory-level rather than direct teleoperation.

4.6 Brain-Computer Interfaces (BCIs)
4.6.1 Technique. BCI techniques typically rely on measurement of electroencephalographic signals - referred to
as an electroencephalogram (EEG). An EEG is a measurement of brain activity taken by small sensors attached
on, or close to, the surface of the skin on a person’s head. In the papers assessed, headwear is used to position the
sensors on the operator’s head, typically on or very close to the surface of the skin.
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BCI use in MMRS control remains limited, with EEG-based non-invasive methods explored for tasks such
as issuing high-level commands, selecting formations, or providing directional input to swarms. Invasive BCI
methods have not been studied in this context, but from a technical perspective could enable faster and more
precise control.

4.6.2 Capabilities. Throughout, it was widely recognised that “Brain Machine Interfaces (BMI) can offer intuitive
control in a plethora of applications where other interfaces alone (e.g. joysticks) are inadequate or impractical”
[67]. The ability of BCIs to facilitate a transpose between visual imagery and robot control is a powerful concept,
since “using the visual imagery paradigm that imagines the formation change of the swarm drone itself is more
intuitive than the motor imagery paradigm that imagines the movements of hands, feet, and tongue” [71].

Looking at the use of BCI in swarm control, [20] presents a BCI system that can efficiently control a high-
complexity robot swarm with simple mental commands. The approach “constructs a scalable dictionary of robotic
behaviours that can be searched simply and efficiently by a BCI user”. Unlike traditional continuous control BCIs,
which struggle with more than three degrees of freedom, this method can “control upwards of 6 separate degrees
of freedom”. This is facilitated by an interaction algorithm that is based on posterior matching, which refines user
inputs iteratively and accounts for errors, making it “robust to system noise in measurement processing”. To this
end, the system was tested with “non-stationary input errors” and still achieved a 75.7% overall configuration
selection accuracy in swarm control.

4.6.3 Limitations. BCI use in MMRS is constrained by three primary limitations:
(1) Cost – Several studies [62, 72, 79] employed high-end equipment (e.g., BrainAmp), while open-source

alternatives (e.g. OpenBCI) remain expensive. This high entry cost limits access for many research teams,
likely contributing to the low representation of BCIs in MMRS HRI studies (10% of papers in this review).

(2) Accuracy and Latency – Signal quality and classification accuracy are critical challenges. Several studies
[20, 58, 72] report accuracies ranging from near-chance levels [62] to 60–70% even with advanced models
[72]. The highest performance (82.4%) was achieved using ensemble deep reinforcement learning [55].
However, delays remain: models often operate on 2-second windows, introducing systematic lag [55].
Real-time performance is thus constrained by a trade-off between processing time and control accuracy
[58].

(3) Cognitive Load and User Variability – Effective BCI use demands significant training. Experienced users
outperform novices [58], but even trained users show substantial variability [62]. This is likely due to
inter-user differences and limited generalisability of EEG-based ML models [71, 79].

Additionally, BCI-based swarm control introduces cumulative input errors with increased command frequency
[20], attributed to fatigue and signal degradation. Dictionary-based systems, while intuitive, suffer from perfor-
mance bottlenecks as vocabulary size grows and requires users to learn complex configuration sorting methods.
Finally, non-invasive EEG suffers from inherently low signal-to-noise ratios, limiting accuracy compared to
invasive techniques.

5 Results, Key Metrics & Reporting Framework

5.1 Results
Through a systematic literature review and subsequent contextual and technological analyses of non-dyadic
MMRS interaction, a number of key findings have emerged:

• Inconsistent Reporting of Key Variables - Many studies fail to report essential variables, hindering
comparative analysis and replication. Future research should explicitly state application context, operator
training level, operator positionality, number of robots, number of operators, autonomy levels, and use
consistent terminology. To this end, a Reporting Framework is presented in Section 5.3.
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• Limited Research on Onboard Control - Research into MUM-T scenarios, where operators control
MMRS from onboard moving platforms, remains scarce, presenting an opportunity for novel contributions
in designing and evaluating interaction paradigms under these conditions.

• Underexplored Multi-Operator Team Models - Research predominantly focuses on single-operator
MMRS control, with virtually no studies exploring teams larger than four operators. Investigating multi-
operator control models could address scalability and workload challenges in larger MMRS deployments.

• Expanding Hands-Free Control - Joysticks, while common in teleoperation, are inadequate for large-
scale MMRS due to limited feedback and scalability. Alternative methods, including wearables, gestures,
voice, and BCIs, enable hands-free, multi-task-capable control suitable for MUM-T and non-dyadic
scenarios. Linked to MUM-T scenarios, enabling operators to multi-task, where oversight of a highly
autonomous MMRS is of secondary importance, is a particularly interesting research direction.

• Utilising Off-the-Shelf Technologies - Advanced consumer devices such as smart watches, rings,
and VR/MR headsets offer haptics, gesture control, and multimodal inputs but remain underutilised in
MMRS research. Incorporating these technologies could improve replicability, scalability, and real-world
readiness of MMRS interaction techniques.

• Need for Context-Driven Research - Robotics research must be grounded in clear application contexts
to guide effective interaction design and establish meaningful performance metrics, avoiding retrofitting
interaction paradigms, and corresponding methods of assessment, to loosely defined tasks.

• Importance of Using Trained Operators - Although robots are being deployed with greater ubiquity in
professional industries, most studies still use untrained operators. Future MMRS research should prioritise
testing with suitably qualified and experienced personnel (SQEP) to align with real-world deployment
conditions.

• Managing Cognitive Load and Workload - Managing operator cognitive load remains a recurrent
challenge inMMRS interaction. Potential solutions include usingmulti-operator teams, increasing platform
autonomy (explored in the context of the robot-operator ratio in Section 5.2), and adopting multi-modal
interaction techniques (discussed in Section 6.2) to distribute workload and improve effectiveness.

5.2 The Key Metric: Robot-Operator Ratio
A critical consideration in MMRS interaction is the robot-operator ratio, which directly influences cognitive
workload, scalability, and mission effectiveness. While Figure 8 shows the overall distribution of robot-operator
ratios across the dataset, analysis confirms that the modal ratio is 3:1, reflecting a prevailing focus on single-
operator control of small-scale multi-robot teams. This aligns with our underlying data, where three robots is the
most commonly studied, indicating that much of the MMRS research to date focuses on lower-complexity, lesser
in number, and thus more manageable configurations. The dominance of low robot–operator ratios highlights a
persistent gap between experimental MMRS research and envisioned large-scale deployments, limiting empirical
insight into interaction breakdowns, workload saturation, and trust calibration at higher levels of scale. It is
important to note that this observed modal ratio may also be influenced by pragmatic research constraints,
including the affordability, availability, and maintainability of robotic platforms within academic and laboratory
settings, which can limit experimentation at larger scales irrespective of intended application contexts.
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Fig. 8. Distribution of Robot:Operator Ratios - highlighting that the most common case was ”Unclear” from the papers
surveyed.

However, in 38 of 139 papers (27%), it was not possible to determine the robot-operator ratio due to absent or
inconsistent reporting of the number of robots and operators. This lack of clarity hinders comparative analysis
across MMRS studies and limits the ability to assess how different interaction strategies scale across varying
levels of complexity.

Establishing the robot-operator ratio as a standard reporting metric would enable meaningful comparisons
across a diverse range of MMRS systems, supporting clearer evaluation of HRI techniques across application
domains, platform types, and autonomy levels. For example, a gesture-based interface that is effective when
controlling three drones may not scale when applied to a heterogeneous team of 20 aerial and ground platforms,
but without explicit reporting, these limitations remain hidden.

Future research should adopt the robot-operator ratio as a guiding metric when designing, evaluating, and
reporting MMRS studies. As the field progresses towards higher autonomy and larger-scale deployments, clear
articulation of how many robots an operator can effectively manage, and under what conditions, will be essential
for advancing scalable and usable MMRS frameworks. This focus will also support the shift from single-operator
paradigms to multi-operator approaches that distribute cognitive load and enhance mission resilience in complex,
non-dyadic MMRS environments, as discussed further in Sections 6.1 and 6.2.

5.3 Reporting Framework
During this systematic literature review, a number of reporting variables were found to be ambiguously defined
or inconsistently documented across studies, significantly diminishing their analytical utility and hindering direct
comparison. These shortcomings were encountered repeatedly during screening, data extraction, and synthesis,
thereby directly affecting this review’s ability to interpret and compare findings across non-dyadic MMRS studies.
As such, a key contribution of this paper is the proposal of a reporting framework intended to increase the impact
of future work in this area by improving transparency, comparability, and interpretability in MMRS HRI research.

Based on the challenges encountered during analysis, we recommend that researchers publishing in HRI —
particularly in non-dyadic contexts — explicitly and consistently report the following core variables: (1) number
of robotic platforms; (2) autonomy level; (3) number of operators; (4) extent of operator training; (5) operator
positionality; (6) definitions of system descriptor terminology.

These variables were selected because their absence or ambiguity repeatedly constrained the interpretation
of study outcomes. In particular, the review revealed that many studies failed to define the autonomy level of
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the robots employed, making it difficult to compare findings across experiments. Without explicit autonomy
definitions, it remains unclear whether operators were interacting with teleoperated, semi-autonomous, or fully
autonomous systems, limiting reproducibility, generalisability, and the downstream impact of otherwise valuable
empirical work.

Inconsistencies in terminology further complicate comparative analysis. Figure 9 illustrates the distribution of
phraseology used to describe MMRS within the reviewed literature. The term “team” was used in 84 cases (60.43%),
over four times more frequently than the next most common descriptor, “swarm.” In many cases, such terms
were not formally defined, leading to ambiguity between studies that may in practice be examining different
coordination models, autonomy structures, or interaction paradigms. This variability in terminology reflects a
lack of shared conceptual framing within the field, complicating cross-study comparison and reinforcing the
need for clearer reporting and definitional consistency in MMRS HRI research.

Fig. 9. Distribution of phraseology used to describe MMRS - with no consensus on terms to describe different MMRS team
set-ups.

Beyond system-level descriptors, the review also identified limited reporting of operator-related variables. As
discussed in Section 3.2, 68% of papers did not specify whether operators were trained professionals, experienced
users, or novices, nor did they consistently state whether operators were remote, co-located, or onboard the
system (Section 3.3). These factors are critical for interpreting workload, cognitive demand, and control efficiency,
particularly in non-dyadic MMRS contexts where interaction demands scale with system size.

To address these issues, Figure 10 proposes a broader reporting framework that supplements the core variables
with additional contextual information spanning: System & Task Design, Operator-Centric Information, and
Experimental Design & Analysis. The framework is intentionally lightweight and descriptive, with the aim of
maximising impact by enabling future studies to be more easily situated, interpreted, and synthesised within
the growing MMRS HRI literature, rather than prescribing experimental methods or evaluation protocols. By
explicitly highlighting commonly omitted contextual variables, the framework aims to increase the interpretability
and downstream impact of future MMRS HRI studies rather than to prescribe experimental design or evaluation
methodology.
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Fig. 10. Proposed Reporting Framework For MMRS HRI Research, organising essential reporting variables across three
categories: System & Task Design, Operator-Centric Information, and Experimental Design & Analysis.

Theproposed framework has not yet been empirically assessed for consistency of application across independent
researchers, nor has it been evaluated through large-scale adoption across multiple studies. It should therefore be
understood as an impact-oriented reporting aid, grounded in the practical challenges encountered during this
systematic review, rather than as a definitive or formally validated standard.

Several limitations of the framework should be acknowledged. First, it is derived from the scope of the reviewed
literature and may not capture all reporting needs in domains beyond mobile MMRS, such as tightly coupled
dyadic systems or purely stationary robotic installations. Second, the framework does not enforce a specific
autonomy taxonomy, terminology ontology, or operator role model, reflecting the current fragmentation of
the field and avoiding premature standardisation. Finally, the framework does not explicitly address long-term
deployment factors, such as learning effects, organisational integration, or sustained autonomy, which remain
underrepresented in the existing literature.

Despite these limitations, clearer and more consistent reporting of these variables has the potential to sub-
stantially increase the impact of individual MMRS HRI studies and of the present review itself, by improving
study comparability, supporting reproducibility, and enabling more robust synthesis across future work. The
framework is therefore intended as a foundation for community discussion and iterative refinement, with future
research required to assess its uptake, utility, and longer-term influence on MMRS HRI research practice.

6 Discussion
Synthesising the contextual (Section 3) and technological analyses (Section 4), this discussion examines how
autonomy level mediates the relationship between interaction design, operator workload, and trust in non-dyadic
MMRS. Across the reviewed literature, increasing robot–operator ratios and autonomy levels consistently shift
interaction from direct control toward supervisory oversight, amplifying challenges in situational awareness,
prioritisation, and cognitive workload. These findings highlight that effective MMRS deployment depends not
only on advances in interaction technologies, but on their alignment with autonomy assumptions, operational
context, and human team structures.

So, the discussion first explores the interplay between autonomy levels, risk appetite, and accuracy in MMRS
HRI research (Section 6.1). It then examines how structured multi-operator teams and multi-modal interaction
approaches can support scalable, effective MMRS control in real-world contexts (Section 6.2).

ACM Trans. Hum.-Robot Interact.

 



Non-dyadic Mobile Multi-Robot System Interaction • 25

6.1 Autonomy Levels, Risk, and Accuracy
Across the interaction paradigms identified in the technological analysis (Section 4) limitations in raw data
processing and input classification accuracy interact directly with contextual challenges identified in Section 3,
including timely identification and response to robot states, maintenance of situational awareness in dynamic
environments, and management of operator cognitive workload.

In high-stakes MMRS domains such as SAR, input classification errors directly undermine mission effective-
ness, constraining reductions in operator numbers and limiting adoption of lower-TRL interaction techniques.
Overcoming this risk–accuracy trade-off requires improved methods and stronger empirical evidence in realistic
deployments.

A comparable trade-off exists in adopting higher autonomy levels within MMRS. Autonomy levels, ranging
from Level 0 (no automation) to Level 5 (full automation) [59], determine the independence of robotic platforms
and directly affect operator roles, shifting from direct control to supervisory oversight as autonomy increases.
For reference, the Autonomy Levels Framework [59] is presented in Figure 11, defining each level from zero to
five in accordance with the Society of Automotive Engineers’ standard SAE J3016 and International Standards
Organisation ISO-PAS 22736. Noting, that whilst SAE J3016 provides a widely adopted and useful reference
point for discussing autonomy progression, it was originally developed for road vehicle automation and does
not fully capture MMRS characteristics such as distributed autonomy, heterogeneous platforms, or team-level
decision-making. Its use here is pragmatic, providing a common vocabulary for autonomy discussion, while
recognising that richer autonomy models are required to describe MMRS.

Fig. 11. Autonomy Levels Framework based on SAE J3016 and ISO-PAS 22736.

Higher autonomy is essential for scalable, non-dyadic MMRS, enabling single operators to manage larger fleets
while maintaining situational awareness and coordination. At lower levels (0-2), operators directly control each
robot, limiting scalability and increasing cognitive load, with typical caps of two to three robots per operator
[54]. At higher levels (3-5), robots execute tasks based on high-level commands, reducing intervention needs and
enabling higher robot-operator ratios that are critical for large-scale MMRS deployments [132]. Coupling higher
autonomy with multi-modal interfaces (discussed in Section 6.2) can improve performance, robustness, and ease
of use in MMRS control [131].
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However, the pace of adopting higher autonomy is constrained by regulatory limitations, trust, and safety case
requirements. For example, FAA regulations often mandate a single pilot per UAV, limiting autonomy applications
[12]. Autonomy is also not a universal solution, as human adaptability and oversight remain critical in complex,
dynamic environments [56]. This was evident during the DARPA Subterranean Challenge, which demonstrated
that despite the deployment of advanced autonomy, human supervisors were frequently the limiting factor
in mission performance, underscoring the continuing need for effective human-robot teaming even at higher
autonomy levels [56].

In summary, advancing MMRS HRI requires balancing the benefits of higher autonomy with reliability and
accuracy in high-risk applications. Building a robust evidence base to support the safe and effective use of
advanced autonomy will be key to increasing operational confidence and enabling scalable, efficient, and practical
non-dyadic MMRS control.

6.2 Team Control & Multi-Modal Interaction
Sections 3 and 4 show that transitioning from dyadic to non-dyadic MMRS control shifts operator responsibility
from direct control to supervisory oversight, increasing workload, decision-making complexity, and coordination
demands. However, the current MMRS research landscape remains heavily focused on single-operator scenarios
(91% from Section 3.4), with very limited exploration of multi-operator team formations - only 3% consider two
operators, and just 2% a team of four.

As illustrated in Figure 12, MMRS control exists along a continuum, ranging from teams of operators managing
a single robot to hierarchical teams managing large multi-robot systems where the number of robots significantly
exceeds the number of operators. As the robot-operator ratio increases, control must shift from direct interaction
toward scalable supervisory frameworks.

A core challenge in non-dyadic MMRS control is identifying which platforms require intervention, as operators
must monitor multiple robots simultaneously and determine where engagement is most critical. Unlike dyadic
control, non-dyadic contexts necessitate selective intervention, often relying on operator intuition due to the lack
of structured prioritisation frameworks. As robot-operator ratios increase, robots may simultaneously request
guidance, confirmation, or control, leading to cognitive strain, particularly when robots are heterogeneous (e.g.,
aerial surveillance alongside ground-based manipulation). The absence of standardised prioritisation mechanisms
in the literature highlights the need for future research into automated algorithms that can rank control demands
by urgency, risk, and autonomy state to support structured decision-making and mitigate cognitive overload.

Utilising shared experiences, MR, and tabletop interfaces [32] can alleviate cognitive demands in non-dyadic
MMRS control. MR, digital twins, and tabletop simulations provide intuitive, spatially organised representations
of robot formations, improving situational awareness and command execution efficiency. These methods reduce
the cognitive load of mental modelling and abstract interpretation, allowing operators to visualise and manipulate
robot behaviour within a controlled virtual environment.

Some papers propose promising multi-modal solutions to these challenges. For example, Huang et al. [56]
present a VR-based system facilitating multi-user collaboration, which they highlight as essential for sharing task
load when the “human supervisor is overwhelmed.” Comparative studies demonstrated that single-operator task
completion times were 70% longer than multi-operator teams, despite successful task completion in both cases.
The authors further note that “increasing robot autonomy is critical to enhance the performance of heterogeneous
robot teams”. This observation links directly to the preceding discussion on autonomy levels, reinforcing that
effective multi-modal and team-based approaches are most impactful when paired with increased platform
autonomy to support scalable, non-dyadic MMRS.

While over 70% of papers surveyed used a multi-modal approach, none explicitly considered how combinations
of interaction methods should be tailored to specific robotic platforms, operator roles, or mission contexts. This
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Fig. 12. Continuum of Control Configurations by Robot-Operator Ratio: Permutations of Ground/Aerial Robots with
Operators.

gap presents an opportunity for future research to systematically investigate the optimal selection and integra-
tion of multi-modal interaction techniques to support effective human-MMRS teaming in diverse operational
environments.

Further work is needed to align technological advancements in interaction techniques with context-driven
design of high-performance MMRS operator teams. An interesting avenue for exploration is the use of wearable
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devices (bespoke or COTS) that synthesise multiple interaction modalities (including touchscreens, gesture
recognition, voice input, and physiological sensing) into a single unit. These wearable systems enable seamless,
hands-free interaction while multitasking, offering a practical, scalable interface for high robot-operator ratio
deployments.

Building on the insights gained from this review, we propose that structuring MMRS operator teams around
three core roles could address the challenges of scalable, non-dyadic control:

• Supervisory control - Overseeing high-level mission execution and delegating control actions.
• Tactical operators - Providing intermediate guidance to groups of semi-autonomous robots as needed.
• Direct controllers - Engaging in real-time, low-level control adjustments for individual robots.

While this structure is not explicitly defined in the papers reviewed, it synthesises patterns observed across the
literature and aligns with team structuring practices in other complex, high-stakes domains, such as air traffic
control and surgical teams. By integrating multi-modal interaction approaches with structured team control,
future MMRS research can address the scalability, cognitive load, and operational challenges critical to effective
non-dyadic deployments in complex real-world scenarios.

7 Conclusion
This paper presented a systematic literature review of non-dyadic MMRS interaction, complemented by contextual
and technological analyses, to map the current research landscape and identify opportunities for advancing the
field.

The review highlights a recurrent lack of comparative studies and standardised reporting/assessment methods,
making it difficult to determine which interaction paradigms best support effective, scalable MMRS control.
In response, this paper proposed a clear reporting framework for MMRS HRI research, outlining essential
variables such as the number of robots, autonomy levels, number of operators, operator training, positionality,
and consistent system terminology. Adoption of this framework will support more transparent, reproducible, and
comparable studies across the field, laying the groundwork for systematic evaluation of interaction strategies.

Hands-free and multi-modal interaction techniques, including the use of COTS wearable devices, emerged as
underexplored yet promising pathways for enabling scalable, intuitive MMRS control, particularly in dynamic,
multitasking scenarios such asMUM-T and onboard control.These approaches can contribute to reducing cognitive
load, enhance situational awareness, and improve operator effectiveness when managing high robot-operator
ratio systems.

Additionally, current research heavily favours single-operator MMRS control, with minimal exploration of large
and diverse operator teams. Investigating hierarchical and distributed team structures, including the delineation
of supervisory and active roles, will be critical for future deployments of large-scale MMRS.

Finally, the paper emphasises the importance of grounding MMRS HRI research in real-world applications,
using clear task requirements and realistic contexts to guide the development and evaluation of interaction
techniques. Collaborations with industry can further support this goal, providing the scale, complexity, and
operational constraints necessary to test and refine innovative approaches.

By addressing these challenges, and by adopting clear reporting frameworks, future research can move beyond
isolated technical demonstrations toward the development of practical, scalable MMRS interaction solutions
capable of supporting the complex missions and operational contexts where these systems are increasingly
deployed.
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A Description of Full Search Terms

A.1 ACM Digital Library Search Query
{Abstract: (”robot*” OR ”unmanned” OR ”uncrewed” OR ”UAV” OR ”UGV” OR ”USV” OR ”UUV”
OR ”UxV” OR ”autonomous” OR ”platform*” OR ”vehicle*” OR ”drone*” OR ”machine*”) AND
Abstract: (”multi?robot*” OR ”multi?agent*” OR ”swarm*” OR ”collective*” OR ”team*” OR ”squad*”
OR ”heterogeneous” OR ”homogeneous” OR ”distributed” OR ”coordinated” OR ”co-ordinated” OR
”cooperative” OR ”co-operative” OR ”collaborative”) AND Abstract: (”interface*” OR ”interaction*”
OR ”user experience” OR ”UX” OR ”command and control” OR ”teleoperat*” OR ”tele-operat*”
OR ”remotely operated” OR ”remote operation” OR ”remote control”) AND Abstract: (”touch*”
OR ”trackpad” OR ”multi?touch*” OR ”interactive surface” OR ”smart surface” OR ”interactive
whiteboard” OR ”pen” OR ”stylus” OR ”handwriting” OR ”text input” OR ”input device” OR
”output device” OR ”mouse” OR ”pointer” OR ”keyboard” OR ”trackball” OR ”joystick” OR ”game
controller” OR ”graphical user interface” OR ”GUI” OR ”3D user interface” OR ”3DUI” OR ”visual
display” OR ”visualization” OR ”visualisation” OR ”hologram” OR ”holographic” OR ”volumetric”
OR ”tangible user interface” OR ”TUI” OR ”shape chang*” OR ”deformable” OR ”tactile” OR ”haptic”
OR ”motion?tracking” OR ”gesture*” OR ”immersi*” OR ”augmented reality” OR ”AR” OR ”mixed
reality” OR ”MR” OR ”extended reality” OR ”XR” OR ”virtual reality” OR ”VR” OR ”wearable*” OR
”body?worn” OR ”biometric” OR ”fingerprint” OR ”projector” OR ”projection” OR ”eye?track*” OR
”gaze” OR ”gaze?track*” OR ”visual input” OR ”brain?computer interface” OR ”BCI” OR ”neural
interface” OR ”speech” OR ”voice” OR ”audio” OR ”natural language processing” OR ”NLP” OR
”multi?modal” OR ”hybrid input” OR ”combination input”)}
”filter”: {ACMPub type: Proceedings},{Article Type: ResearchArticle}, {E-PublicationDate: (01/01/2000
TO 04/01/2024)}

A.2 IEEE Xplore Search Query
(”Abstract”:”robot*” OR ”Abstract”:”unmanned”OR ”Abstract”:”uncrewed”OR ”Abstract”:”UAV”OR ”Abstract”:”UGV”
OR ”Abstract”:”USV” OR ”Abstract”:”UUV” OR ”Abstract”:”UxV” OR ”Abstract”:”autonomous” OR ”Abstract”:”plat-
form*” OR ”Abstract”:”vehicle*” OR ”Abstract”:”drone*” OR ”Abstract”:”machine*”) AND (”Abstract”:”multi?robot*”
OR ”Abstract”:”multi?agent*” OR ”Abstract”:”swarm*” OR ”Abstract”:”collective*” OR ”Abstract”:”team*” OR
”Abstract”:”squad*” OR ”Abstract”:”heterogeneous” OR ”Abstract”:”homogeneous” OR ”Abstract”:”distributed” OR
”Abstract”:”coordinated” OR ”Abstract”:”co-ordinated” OR ”Abstract”:”cooperative” OR ”Abstract”:”co-operative”
OR ”Abstract”:”collaborative”) AND (”Abstract”:”interface*” OR ”Abstract”:”interaction*” OR ”Abstract”:”user
experience” OR ”Abstract”:”UX” OR ”Abstract”:”command and control” OR ”Abstract”:”teleoperat*” OR ”Ab-
stract”:”tele-operat*” OR ”Abstract”:”remotely operated” OR ”Abstract”:”remote operation” OR ”Abstract”:”remote
control”) AND (”Abstract”:”touch*” OR ”Abstract”:”trackpad” OR ”Abstract”:”multi?touch*” OR ”Abstract”:”in-
teractive surface” OR ”Abstract”:”smart surface” OR ”Abstract”:”interactive whiteboard” OR ”Abstract”:”pen”
OR ”Abstract”:”stylus” OR ”Abstract”:”handwriting” OR ”Abstract”:”text input” OR ”Abstract”:”input device”
OR ”Abstract”:”output device” OR ”Abstract”:”mouse” OR ”Abstract”:”pointer” OR ”Abstract”:”keyboard” OR
”Abstract”:”trackball” OR ”Abstract”:”joystick” OR ”Abstract”:”game controller” OR ”Abstract”:”graphical user inter-
face” OR ”Abstract”:”GUI” OR ”Abstract”:”3D user interface” OR ”Abstract”:”3DUI” OR ”Abstract”:”visual display”
OR ”Abstract”:”visualization” OR ”Abstract”:”visualisation” OR ”Abstract”:”hologram” OR ”Abstract”:”holographic”
OR ”Abstract”:”volumetric” OR ”Abstract”:”tangible user interface” OR ”Abstract”:”TUI” OR ”Abstract”:”shape
chang*” OR ”Abstract”:”deformable” OR ”Abstract”:”tactile” OR ”Abstract”:”haptic” OR ”Abstract”:”motion?track-
ing” OR ”Abstract”:”gesture*” OR ”Abstract”:”immersi*” OR ”Abstract”:”augmented reality” OR ”Abstract”:”AR”
OR ”Abstract”:”mixed reality” OR ”Abstract”:”MR” OR ”Abstract”:”extended reality” OR ”Abstract”:”XR” OR
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”Abstract”:”virtual reality” OR ”Abstract”:”VR” OR ”Abstract”:”wearable*” OR ”Abstract”:”body?worn” OR ”Ab-
stract”:”biometric” OR ”Abstract”:”fingerprint” OR ”Abstract”:”projector” OR ”Abstract”:”projection” OR ”Ab-
stract”:”eye?track*” OR ”Abstract”:”gaze” OR ”Abstract”:”gaze?track*” OR ”Abstract”:”visual input” OR ”Ab-
stract”:”brain?computer interface” OR ”Abstract”:”BCI” OR ”Abstract”:”neural interface” OR ”Abstract”:”speech”
OR ”Abstract”:”voice” OR ”Abstract”:”audio” OR ”Abstract”:”natural language processing” OR ”Abstract”:”NLP”
OR ”Abstract”:”multi?modal” OR ”Abstract”:”hybrid input” OR ”Abstract”:”combination input”) Filters Applied:
Conferences, Journals, 2000 - 2024
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