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Abstract

In this thesis, we address various challenges related to optimal planning and task allocation
in a robot fleet supervised by remote human operators. The overarching goal is to enhance
the performance and efficiency of the robot fleets by planning routes and scheduling opera-
tor assistance while accounting for limited human availability. The thesis consists of three
main problems, each of which focuses on a specific aspect of the system.

The first problem pertains to optimal planning for a robot in a collaborative human-
robot team, where the human supervisor is intermittently available to assist the robot to
complete its tasks faster. Specifically, we address the challenge of computing the fastest
route between two configurations in an environment with time constraints on how long the
robot can wait for assistance at intermediate configurations. We consider the application
of robot navigation in a city environment, where different routes can have distinct speed
limits and different time constraints on how long a robot is allowed to wait. Our proposed
approach utilizes the concepts of budget and critical departure times, enabling optimal
solution and enhanced scalability compared to existing methods. Extensive comparisons
with baseline algorithms on a city road network demonstrate its effectiveness and ability
to achieve high-quality solutions. Furthermore, we extend the problem to the multi-robot
case, where the challenge lies in prioritizing robots when multiple service requests arrive
simultaneously. To address this challenge, we present a greedy algorithm that efficiently
prioritizes service requests in a batch and has a remarkably good performance compared
to the optimal solution.

The next problem focuses on allocating human operators to robots in a fleet, considering
each robot’s specified route and the potential for failures and getting stuck. Conventional
techniques used to solve such problems face scalability issues due to exponential growth of
state and action spaces with the number of robots and operators. To overcome these, we
derive conditions for a technical requirement called indexability, thereby enabling the use of
the Whittle index heuristic. Our key insight is to leverage the structure of the value function
of individual robots, resulting in conditions that can be easily verified separately for each
state of each robot. We apply these conditions to two types of transitions commonly seen
in supervised robot fleets. Through numerical simulations, we demonstrate the efficacy of
Whittle index policy as a near-optimal scalable approach that outperforms existing scalable
methods.

Finally, we investigate the impact of interruptions on human supervisors overseeing a
fleet of robots. Human supervisors in such systems are primarily responsible for monitoring
robots, but can also be assigned with secondary tasks. These tasks can act as interruptions
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and can be categorized as either intrinsic, i.e., being directly related to the monitoring
task, or extrinsic, i.e., being unrelated. Through a user study involving 39 participants,
the findings reveal that task performance remains relatively unaffected by interruptions,
and is primarily dependent on the number of robots being monitored. However, extrinsic
interruptions led to a significant increase in perceived workload, creating challenges in
switching between tasks. These results highlight the importance of managing user workload
by limiting extrinsic interruptions in such supervision systems.

Overall, this thesis contributes to the field of robot planning and operator allocation
in collaborative human-robot teams. By incorporating human assistance, addressing scal-
ability challenges, and understanding the impact of interruptions, we aim to enhance the
performance and usability of robot fleets. Our work introduces optimal planning methods
and efficient allocation strategies, empowering the seamless operation of robot fleets in real-
world scenarios. Additionally, we provide valuable insights into user workload, shedding
light on the interactions between humans and robots in such systems. We hope that our
research promotes the widespread adoption of robot fleets and facilitates their integration
into various domains, ultimately driving advancements in the field.
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Chapter 1

Introduction

With the progression of technology, the concept of robot 
eets has gained substantial trac-
tion, �nding practical applications across a spectrum of industries. From robotic delivery
systems [1], data collection and surveillance [2,3], to transportation solutions [4{6], these

eets have the potential to greatly improve system e�ciency as autonomy continues to ad-
vance. However, despite their autonomous capabilities, human supervision of robot 
eets
remains essential to ensure safety, compliance with regulations and overall robustness. This
paradigm of human-robot interaction holds great promise for improving productivity, e�-
ciency, and safety in sectors such as manufacturing, logistics, agriculture, and search and
rescue operations [7{10]. However, it also presents unique challenges and opportunities
that require careful consideration and resolution [11,12].

This thesis is dedicated to addressing several of the relevant challenges associated with
supervised robot 
eets. Speci�cally, we delve into the planning of routes/missions for
robots within a 
eet, where they operate autonomously while being overseen by a lim-
ited number of human operators in case they need assistance. A critical aspect of this
system is the possible intermittent availability of human operators, who may have other
responsibilities or be occupied with supervising other robots in the system. This intermit-
tency poses a challenge as operators cannot be continuously present to supervise or assist
individual robots. Consequently, it becomes crucial to develop planning strategies that
can accommodate the availability of operators and ensure e�ective supervision of the 
eet.
Furthermore, we recognize the scenario where service requests for multiple robots arrive
simultaneously, and it becomes important to decide the optimal order in which their routes
should be planned. This decision is signi�cant as planning for one robot changes operator
availability for the later robots. Instead of arbitrarily choosing robots from the batch, it
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may be helpful to optimally prioritize the robots to ensure e�cient utilization of human
assistance and improve overall 
eet performance.

Once the robots' routes are planned and the robots begin their designated routes, it
is crucial to proactively anticipate potential trouble scenarios. Despite thorough plan-
ning, unforeseen circumstances such as robot failures or encountered obstacles may require
human intervention. In such cases, it becomes crucial to establish a system for priori-
tizing which robots should receive assistance and when. This prioritization can be based
on factors such as the severity of the situation, the criticality of the robot's task, or the
overall impact on system performance. Additionally, taking proactive measures, such as
allocating operators in advance to speci�c robots during potential trouble spots, can fur-
ther enhance the system's responsiveness. By strategically allocating human assistance to
individual robots in the 
eet, we can e�ectively mitigate risks, and ensure prompt and
e�ective human intervention when necessary.

In addition to addressing the challenges of operator allocation and planning, it is crucial
to recognize and understand the human factors associated with the system of supervised
robot 
eets. While optimizing robot behavior and coordination remains essential, a com-
prehensive understanding of factors related to the supervision of multiple robots is equally
vital. A key consideration in this context is the occurrence of di�erent types of interrup-
tions, which can have a signi�cant impact on operator performance and workload, thereby
in
uencing the overall e�ectiveness of the robot 
eet. Examining the impact of interrup-
tions within these systems allows us to acquire valuable insights into the dynamics between
human operators and the robots under their supervision. By studying and addressing these
human factors, we can enhance the design and implementation of supervised robot 
eets,
thereby improving their overall e�ciency and usability.

For the majority of this thesis, we will primarily refer to and focus on the application
of a 
eet of robots navigating through a city environment as an illustrative example. In
this scenario, each robot is tasked with traversing a set of waypoints to navigate from
a given start location to a designated goal location. This example serves as a concrete
and practical demonstration of the principles and methodologies developed throughout
our research, allowing for a comprehensive exploration of the challenges and solutions in
this context.

However, it is important to emphasize that the problem formulation we consider in
this thesis extends beyond the example of a robot 
eet in a city environment. Our frame-
work has the 
exibility to encompass a wide range of tasks that involve the completion
of multiple sub-tasks with de�ned precedence and temporal constraints. For instance, our
framework can be e�ectively applied to assembly tasks, where robots independently work
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on di�erent components of an assembly process given the order of tasks and their corre-
sponding time requirements. In such scenarios, the robots can utilize human assistance
for speci�c procedures that require a higher level of precision or complex manipulation.
Similarly, the proposed methods can be employed in surveillance missions, where robots
are tasked with surveying a series of waypoints in an environment and may require human
assistance for tasks such as target veri�cation. Additionally, our approach can be extended
to scenarios where di�erent agents contend for other shared resources, such as access to
communication bandwidth or limited workspace [13], while also being applicable to situa-
tions where we are required to optimize the �delity level (resources allocated) of servicing
the given tasks [14].

This versatility and adaptability of our approach make it applicable to a broad spectrum
of real-world applications, highlighting the signi�cance and impact of the research outcomes
presented in this thesis. Through our research, we strive to enhance the e�ciency, safety,
and overall performance of supervised robot 
eets, ultimately advancing the �eld of human-
robot interaction and contributing to the realization of e�ective collaboration between
humans and robots in real-world applications.

1.1 Contributions and Organization

The organization and contributions of this thesis are as follows.

Chapter 2: In this chapter, we present a brief overview of the multi-agent Human-Robot
Interaction systems. We also provide a framework for understanding and characterizing
such systems, and discuss how a supervised robot 
eet �ts within this framework.

The work presented in this chapter is part of the following publication.

ˆ Abhinav Dahiya, Alexander M. Aroyo, Kerstin Dautenhahn, and Stephen L. Smith.
\A survey of multi-agent Human{Robot Interaction systems." Robotics and Au-
tonomous Systems 161 (2023): 104335 [11].

Chapter 3: In this chapter, we provide mathematical preliminaries and de�nitions relevant
to the thesis. This includes discussion on graphs, shortest path problems, submodularity
and restless multi-armed bandits.

Chapter 4: In this chapter, we present the problem of optimal planning for a robot in a
collaborative human-robot team, where the human supervisor is intermittently available to
assist the robot in completing tasks more quickly. We address the challenge of computing
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the fastest route between two con�gurations in an environment with time constraints on
how long the robot can wait for assistance. To solve this problem, we propose a novel
approach that utilizes the concepts ofbudgetand critical departure times, which enables
us to obtain optimal solutions while e�ciently scaling to larger problem instances compared
to existing methods. We also propose a greedy algorithm that e�ciently prioritizes service
requests for multiple robots, while having close to optimal performance.

The work presented in this chapter is based on the following publication.

ˆ Abhinav Dahiya and Stephen L. Smith, \Optimal Robot Path Planning In a Collab-
orative Human-Robot Team with Intermittent Human Availability," in IEEE Inter-
national Conference on Robot and Human Interactive Communication (RO-MAN),
Busan, South Korea, 2023 [15].

Chapter 5: In this chapter, we discuss the problem of allocating operators among robots
in a 
eet, where each robot is required to perform an independent sequence of tasks,
subject to the possibility of failing and getting stuck in a fault state at every task. If and
when required, a human operator can assist or teleoperate a robot. Conventional dynamic
programming-based techniques used to solve such problems face scalability issues due to
exponential growth of state and action spaces with the number of robots and operators.
We derive conditions under which the operator allocation problem satis�es a technical
condition called indexability, thereby enabling the use of the Whittle index heuristic. The
conditions are easy to check, and we show that they hold for a wide range of problems of
interest. Our key insight is to leverage the structure of the value function of individual
robots, resulting in conditions that can be veri�ed separately for each state of each robot.

The work presented in this chapter is based on the following publication.

ˆ Abhinav Dahiya, Nima Akbarzadeh, Aditya Mahajan and Stephen L. Smith, \Scal-
able Operator Allocation for Multirobot Assistance: A Restless Bandit Approach,"
in IEEE Transactions on Control of Network Systems, vol. 9, no. 3, pp. 1397-1408,
Sept. 2022 [16].

Chapter 6: In this chapter, we present the design and outcomes of a user study conducted
to investigate the impact of interruptions in systems where human supervisors monitor
multiple robots. There can be several types of interruptions in such systems and we
categorize the interruptions as either intrinsic, i.e., being directly related to the robot
monitoring task, or extrinsic, i.e., being unrelated. We designed a web platform which
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allows users to monitor multiple robots, and report/�x faults in their navigation. During
the experiments, we interrupt the users with secondary tasks and record parameters of
performance and workload.

The work presented in this chapter is based on the following publication.

ˆ Abhinav Dahiya, Yifan Cai, Oliver Schneider and Stephen Smith, \On the Impact of
Interruptions During Multi-Robot Supervision Tasks," in IEEE International Con-
ference on Robotics and Automation (ICRA), London, United Kingdom, 2023 [17].

Chapter 7: This chapter consists of a summary of the work presented in this thesis along
with potential directions for future work.
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Chapter 2

Multi-Agent Human-Robot
Interaction

TL;DR: In this chapter, we provide a brief overview of the literature on Human-Robot
Interaction (HRI), with a particular emphasis on multi-agent systems. This survey gives
insights into the broader HRI landscape and helps contextualize supervised robot 
eets within
the �eld.

In order to establish a solid foundation, we begin by providing a framework for under-
standing and characterizing multi-agent HRI systems, drawing insights from the existing
literature. Within this framework, we introduce the concept of aninteraction graph, which
serves as a visual representation of the interactions among di�erent agents within an HRI
system. Additionally, we take a moment to discuss how the system of a supervised robot

eet �ts into this characterization, highlighting its role and relevance within the broader
context of multi-agent HRI. This discussion sets the stage for the subsequent chapters,
where we dive into speci�c research problems related to supervised robot 
eets. Detailed
reviews of the literature related to the speci�c problems are provided in the corresponding
chapters.

Research in Human-Robot Interaction (HRI) has facilitated the introduction of robots
in human spaces, and has gained signi�cant momentum in the past two decades. Existing
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literature indicates that the vast majority of past research pertains todyadicsystems where
a single human interacts with a single robot. However, this trend is changing now. With the
improvement in physical and computational capabilities of robotic systems, we see robots
working in teams of more than two, moving beyond the typical dyadic HRI systems. Even
though multi-agent HRI systems are built on similar infrastructure as dyadic systems, there
are several di�erences. Multi-agent HRI systems require more complex control strategies to
coordinate several agents that may be dissimilar to one another (in roles, communication
capabilities etc.), can involve interactions that connect more than two agents at once,
and need special attention to address any con
icts that may arise from their interactions.
These di�erences mean that control strategies developed for dyadic systems are either not
applicable to multi-agent systems or they might not work as intended. As a result, a
considerable body of research has emerged, addressing various aspects of multi-agent HRI
systems speci�cally.

A human-robot system can have a varied number of agents, both humans and robots,
interacting with each other. Even though any human-robot system is technically a multi-
agent system (comprised of at least one human and one robot), in the HRI literature, the
terminology is used di�erently. In HRI literature, dyadic systems refer to the ones built
around interactions between exactly one robot and one human.Triadic systems have three
agents, with two humans and a robot, or two robots and a human [18,19]. For systems with
three or more agents, terms such asteams or groups are used [20]. In this thesis, we use
the term multi-agent to refer to any human-robot system containing more than one human
(multi-human) and/or more than one robot (multi-robot). Robots assisting humans in an
industrial task, a group of humans and robots doing a social activity, or human operators
controlling multiple robots are some examples of multi-agent HRI systems.

In the literature, we �nd several studies and articles reviewing research in the �eld of
HRI and Collaboration, e.g. [12, 21{23]. There are also studies that present taxonomies
and classi�cation criteria for HRI systems in general, and reviewing the work done in
di�erent social and industrial applications of HRI, e.g. [24, 25]. The literature review
on human interaction with multiple remotely situated robots, conducted by M. Lewis
[26], examines such systems under the notion ofcommand complexityand analyzes its
implications for the users. A comprehensive study by Thomaz et al. [23] provides a detailed
review of the computational aspects of HRI, covering topics such as algorithms, modelling
and computational framework design. Human-Swarm Interaction (HSI) is another subset
of multi-agent systems where a small number of humans (commonly one) interact with a
group of robots that coordinate among themselves and often act as a uni�ed entity. Kolling
et al. present a comprehensive survey of Human-Swarm Interaction systems and discuss
core concepts for their design [27]. In the multi-agent HRI literature, Sebo et al. present a
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review of studies involving robots' interactions with a group or team of people, and explore
characteristics of such systems [28]. The article discusses the role a robot plays in a group of
humans and focuses on human-robot systems consisting of multiple humans irrespective of
the number of robots involved. From a social psychology perspective, Oliveira et al. discuss
methodological and transversal issues in HRI research conducted in small groups [29].

Expanding upon the existing surveys and reviews, our discussion in this chapter en-
compasses a broader range of systems. We include systems where multiple robots interact
with either a single human or a group of humans, both within and outside of social set-
tings. Moreover, we consider systems built around interactions among multiple humans
and multiple robots simultaneously. Additionally, we incorporate studies on theoretical
and computational research, which may not involve actual robots or humans but still en-
compass crucial aspects of an HRI system. Examples of such research include scheduling
collaboration [30,31] and optimizing collaborative manipulation [32]. Such studies are in-
valuable contributions to the multi-agent HRI literature and o�er useful insight into the
implementation of real-world systems.

Research in Human-Robot Interaction encompasses a broad scope, addressing various
aspects of robot decision-making, human behavioral modeling, and system analysis. This
research area includes systems where robots and humans coexist, whether in team settings
or as independent entities pursuing shared or distinct objectives. This coexistence can
manifest in physically co-located interactions or in systems where remotely located agents
connect through virtual interfaces. Furthermore, the development of capable and e�cient
algorithms to enhance interaction between humans and robots has an important place in
HRI research.

The research literature in this domain comprises three types of studies, which can
complement and intersect with one another: 1) System Design: ones that propose a system
useful in the context of HRI (direct application; e.g., [33]), 2) Observational: ones that
detail a study designed to elicit di�erent features of HRI systems (to understand system
behavior; e.g., [34]), and 3) Algorithmic Design: ones that present computational research,
including algorithms, models and frameworks to solve the decision-making problems in HRI
systems (e.g., [16]). In the subsequent discussion, we consider all three kinds of studies
from the multi-agent HRI literature.

2.1 Multi-Agent Human-Robot Systems

In order to formally de�ne multi-agent Human-Robot Interaction systems, we �rst need
to de�ne the concept of `interaction'. The American Psychological Association [35] de�nes

8



a social interaction as a process that involves reciprocal stimulation or response between
two or more individuals. In the context of HRI, however, reciprocity is not a necessary
requirement. Therefore, we de�ne an interaction in this context as follows:

\information 
ow between two or more agents occurring as a result of commu-
nication, action, or presence of any of those agents".

This information 
ow leads to changes in the actions, behaviors, or mental states of the
receiving agents. Using this de�nition, we can express a multi-agent HRI system using
an interaction graph (Fig. 2.1). The �gure illustrates a multi-agent HRI system and its
corresponding interaction graph, where each agent is represented as a node in a directed
graph. The edges in the graph depict interactions between pairs of agents and indicate the
direction of information 
ow. We use this interaction graph structure to de�ne multi-agent
HRI systems as follows:

Multi-agent Human-Robot Interaction systems are the ones for which the inter-
action graph contains three or more nodes (agents), with at least three nodes
connected via interaction edges, including at least one interaction edge between
a human node and a robot node.

Information exchange within these systems can occur through verbal or non-verbal
communication channels, or through interaction interfaces. The agents in these systems
can be homogeneous, sharing similar roles and identities, or heterogeneous, contributing
di�erently to the overall system. Moreover, these agents can be located in separate envi-
ronments interacting over virtual channels or they can share the same physical space. In
the following discussion, we consider the literature on multi-agent HRI systems and try to
characterize them based on various properties.

2.2 Characterization of Multi-agent HRI Systems

Human-Robot Interactions among multiple agents introduce a multitude of changes and
complexities compared to dyadic interactions. With multiple agents present, multi-agent
interactions and indirect interactions can emerge in the system. Notably, it becomes pos-
sible to have humans interacting with other humans and robots with other robots. These
Human-Human Interactions (HHI) and Robot-Robot Interactions (RRI), in turn, have an
impact on or are in
uenced by interactions between humans and robots. Moreover, the
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Figure 2.1: Left: HRI system for robot-assisted tower construction task where the robot allocates
tower pieces between two human teammates [36]. Right: The corresponding interaction graph
representation of the system. In the graph, each human and robot is denoted by a node. Each
arrow represents an interaction and its direction signi�es the direction of information 
ow. When
information 
ow between two nodes is present in both directions, a bi-directional arrow is used.
In this system, human behavior is dependent on robot's actions while the robot's actions are
independent of its human teammates (thus the uni-directional arrows). Both humans can poten-
tially discuss their next actions with the other human teammate (denoted by the bi-directional
arrow).

involvement of multiple agents necessitates advanced communication modalities and in-
terfaces to facilitate e�ective interaction among all the agents. As the number of agents
in the system increases, the task of modeling their behavior and controlling their actions
becomes increasingly challenging.

To provide a comprehensive understanding of multi-agent HRI systems, we propose a
characterization framework based on three core aspects: 1) Team structure, 2) Interaction
style and 3) Computational characteristics. These aspects represent the way a system is
set up, and the way interactions take place and methods by which agents are controlled in
that system.

Team Structure: The �rst aspect captures how the agents are organized within the
system. It encompasses various parameters such as the composition of agents, including the
number and types of agents, which can consist of both humans and robots. Additionally,
team structure examines the degree of homogeneity among the agents, considering factors
such as their roles, capabilities, embodiment, and assigned authorities.

Interaction Style: The second aspect of multi-agent HRI systems pertains to the
manner in which the agents engage and interact with one another. This aspect encompasses
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various factors, including the modality of communication utilized among the agents and
the implemented interaction models. This tells us the way in which interactions take
place in the system (through a screen or speech etc.) as well as the agents involved in
these interactions, whether it be a dyadic interaction between two agents or a collective
interaction among multiple agents.

Computational Characteristics: The third aspect examines the computational as-
pects of HRI systems and focuses on how the behavior of various agents is controlled or
in
uenced. This aspect encompasses elements such as robot task planning algorithms,
model-based or model-free controllers, and other mechanisms that determine the actions
of robots in the system. Additionally, it explores how these computational techniques are
utilized to in
uence human behavior. By studying the computational characteristics, we
gain insight into the underlying software components and decision-making processes that
shape the interactions between humans and robots in the multi-agent HRI system.

These three aspects provide us with a framework to establish distinctions and make
comparisons among multi-agent HRI systems. For instance, consider a system where a
human operator is supervising a team of remote mobile robots (e.g., [37, 38]). We can
characterize this system as one with a single human interacting with multiple robots (team
size), and one where all the robots exhibit similar characteristics (homogeneity). The
human might be able to give high-level commands to the robot group or control them
individually (interaction model), using a screen-based interface (communication modality).
The robot control can be made adaptive to actions of the operator or designed to optimize
some utility function (computational characteristics). This example demonstrates how the
three aspects enable a comprehensive characterization of multi-agent HRI systems.

Under these core aspects, we can characterize HRI systems based on �ve di�erent
attributes as shown in Fig. 2.2. It is important to note that these core aspects are inter-
connected, and attributes within one aspect can in
uence other system attributes. The
nature of these interactions is further explored in Section 2.2.4. Additionally, it is worth
mentioning that these core aspects do not aim to provide an exhaustive or exclusive means
of distinguishing multi-agent HRI systems. Rather, they are selected to o�er a taxonomy
that is both broad enough to encompass diverse areas of research within multi-agent HRI
and detailed enough to meaningfully characterize and compare these systems. In the fol-
lowing sections, we discuss the above three aspects and the associated attributes in more
detail, and brie
y present the categorizations that arise under these attributes. Under
each category, we include examples from recent literature to understand its application,
and analyze strengths and limitations of di�erent types of systems.
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Figure 2.2: The di�erent categorizations for multi-agent Human-Robot Interactions originating
from the three core aspects: the team structure, the interaction style and the computational
characteristics. These aspects bring forth several attributes of systems, each with its own features
and applications.

2.2.1 Team Structure

The most perceptible feature of a multi-agent HRI system is the size and composition of
the human-robot team. Depending on the application, a human-robot system can take
advantage of more than one human and/or more than one robot in the team. Additionally,
the task requirements may necessitate the involvement of agents with diverse capabilities
and roles. Both the number and type of robots in a group can have signi�cant e�ects
on human perception and emotions towards the robots [39]. Since humans and robots
usually have di�erent ways of acting in a collaborative setting and interacting with their
partners, the team structure decides various other aspects of the system including the way
in which di�erent agents interact, how they can share information and how their actions
are planned [40,41].

Based on team structure, multi-agent systems can di�er from dyadic systems in two
notable ways:

1. There can be several possibilities of having di�erent numbers of agents (both humans
and robots) in the team,

2. There exists a notion of homogeneity/heterogeneity among the agents, as agents may
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share similar roles and capabilities or exhibit variations in their attributes.

Therefore, we discuss in the following two factors under team structure: Team size, and
Team composition.

2.2.1.1 Team Size

Team size in an HRI system refers to the number of humans and robots present in the
system. Based on team size, HRI systems can be categorized into four distinct groups.

Single-human { single-robot systems represent the most common type of HRI sys-
tems studied extensively in the �eld [22, 42{44]. These systems involve a single human
interacting with a single robot, forming a dyadic relationship.

Single-human { multi-robot systems involve a single human interacting or collab-
orating with multiple robots. These systems are utilized in various applications, such as
fault intervention or performance enhancement in multi-robot teams [37, 45], search-and-
rescue operations [46], and Human-Swarm Interaction [27]. In some cases, the human
user may not be an operator or supervisor but rather receive navigation instructions, co-
operative navigation, or guidance from the robot team [47{51]. Additionally, there are
instances where a team of robots collaboratively executes tasks like storytelling or drama
for enhanced e�ectiveness [52,53].

Multi-human { single-robot systems involve multiple human teammates interacting
with a single robot. These systems have been used in applications such as search and
exploration, unmanned aerial vehicle (UAV) operations, and resource distribution [36,54,
55]. In these settings, humans assume di�erent roles and manage various components of
the robot's operation [56, 57]. Additionally, there are systems where a robot interacts
with multiple humans for assistance [58{60], to moderate group interactions [61,62], or to
manage resource distribution [36, 58]. Furthermore, social robotics research has explored
robots collaborating with multiple users in contexts like autism therapy [63{65], education
[66{68], and interactions in public spaces [69]. For a more comprehensive review of systems
with robots interacting with groups of humans, refer to [28].

Multi-human { multi-robot systems involve teams with multiple humans and mul-
tiple robots. These systems present signi�cant challenges due to increased uncertainty and
the exponential growth of possible states [16]. They have been applied in military scenar-
ios where human teams coordinate with (semi)autonomous robot teams [70]. Additionally,
such team compositions are found in search-and-rescue tasks [71{73] and supervisory con-
trol of heterogeneous human-robot teams [74{76]. Such teams have also been discussed
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in several theoretical/computational studies addressing the task allocation and operator
scheduling problems [16, 31, 77, 78]. In social interaction and classroom settings, multi-
human { multi-robot teams are explored for understanding socio-emotional aspects [79,80]
and enabling group learning [81,82].

2.2.1.2 Team Composition

Besides the number of humans and robots, another important characteristic of a human-
robot team is the team composition. This pertains to the aspect of homogeneity (or lack
thereof) among the agents, be it humans or robots. In the case of robots, homogeneity
may simply indicate whether there are di�erent types of robots present in the team, with
di�erent hardware design [45], manipulation capabilities [33] or interaction interfaces [71].
In the case of humans, presence of di�erent roles, capabilities or authority determines
homogeneity among team members [19,67].

Homogeneous team composition is commonly seen in applications where agents are
primarily identi�ed as a part of a group, such as robots in a swarm [27] or humans in a
crowd [69,83]. In systems where agents work on similar tasks independently, a homogeneous
team structure is common [11,16]. In social HRI applications, humans are often considered
equal members of the group, resulting in a homogeneous composition [84,85].

Heterogeneous team composition is commonly observed when di�erent types of robots
are required, such as robots with di�erent manipulators or mobility [33, 50]. In military
applications, teams of heterogeneous humans with distinct roles, responsibilities, and au-
thority are used to control complex robots [86]. Di�erences or similarities among hu-
man teammates can also introduce heterogeneity in system dynamics [87]. Assigning dif-
ferent roles to humans in HRI systems has been explored, similar to roles assigned to
robots [71, 88, 89]. Industrial-oriented tasks often involve teams of heterogeneous humans
in roles such as supervisors and assistants [19, 56, 57]. Heterogeneous team composition
also �nds applications in social/educational robotics, such as systems engaging with users
from di�erent generations [90, 91] or when humans have distinct roles or jobs within the
group [92].

Homogeneity in a human-robot team greatly in
uences the type, level and e�ciency of
the interactions [93]. For instance, when managing a team of robots, the human operator
needs to put in more interaction e�ort when the team is homogeneous as compared to
the one with heterogeneous robots [26, 94], and this may lead to an increase in perceived
workload and decrease in situational awareness [95,96]. Having homogeneous robots may
also lead to a simpler interaction interface [25]. However, heterogeneous robot teams may
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allow to use speci�c robot capabilities to carry out a variety of operations [45, 97]. It is
generally agreed that control and operation of a team of heterogeneous agents is more
demanding compared to a homogeneous team, therefore, the literature o�ers a variety of
studies presenting e�cient control strategies for the control of heterogeneous multi-robot
teams [98{100].

2.2.2 Interaction Style

In the context of human-robot systems, interaction style is a broad term that can be used
to refer to di�erent aspects of interaction such as the modes of communication among
agents [101], interaction models [69] and the interaction interface [102, 103]. It also in-
cludes communication methods (verbal/non-verbal) [104, 105], expression of a�ect [106]
and spatial relationships [107,108].

Interactions in multi-agent human-robot systems di�er from those in dyadic systems in
three ways:

1. First, with multiple agents present, it is possible to have interactions within a group
of agents, viz. Human-Human Interactions [71] and Robot-Robot Interactions [109].

2. Second, in addition to the one-to-one interactions seen in dyadic HRI systems, one-
to-many interactions are also realizable in multi-agent HRI systems [69].

3. Third, in multi-agent systems, there are additional types of interactions possible
among the agents.

Patel et al. [110] discussed the di�erences between `direct' and `indirect' interactions
between two humans in a system in which they can communicate either via verbal com-
munication or through the interface. Che et al. [111] investigated the role of `explicit' and
`implicit' communication in social navigation. In [20], authors used the terms `the group'
and `the observer' to distinguish the two perspectives of measuring group cohesion in a
multi-agent HRI setting.

Such distinctions of interaction types are useful to better understand HRI systems and
can be applied to improve the interaction outcome. In the context of multi-agent HRI
systems, we �nd it useful to distinguish `direct' and `indirect' interactions. Direct interac-
tion between a sender and recipient occurs when the sender actively (i.e., intentionally and
explicitly) communicates to the recipient using any mode, verbal or non-verbal. A third
party may also receive information from this direct communication, and we refer to this
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\eavesdropping" as indirect interaction. Taking the example of a study presented by [50],
a robot trying to transfer task information to another robot (e.g., through speech) is an
example of direct interaction, whereas a human observing the robots interacting with each
other is an example of indirect interaction. Making this distinction can help us under-
stand if and how much the agents in the system are actively trying to communicate with
each other, or if they are primarily co-existing in the same environment while observing
each other. Modelling the indirect interactions may be useful to understand how direct
interactions between any two agents can a�ect the behavior of others [50,61,112].

Examples of systems with di�erent types of interactions are given in Table 2.1. In the
remainder of this section, we discuss two key aspects of interaction style: 1) Interaction
model present, and 2) Communication modalities used in the system.

2.2.2.1 Interaction Models

While a multi-agent HRI system involves multiple agents, not every interaction in the
system necessarily includes all agents simultaneously. Interactions can be implemented
using di�erent-sized communication channels, enabling one-to-one or one-to-many interac-
tion models [69]. Examples of several multi-agent HRI systems with di�erent interaction
models are shown in Table 2.1 using the interaction graph structure de�ned in Section 2.1.
These interaction models are an extension of the interaction types presented by [25] and
capture a variety of interaction possibilities in multi-agent HRI systems, particularly in
social interactions. They also allow us to specify the direction of information 
ow between
agents, distinguishing between human-to-robot and robot-to-human interactions.

Note: These interaction models, in their basic form, do not capture all aspects of the
complete system, such as embodiment, roles, heterogeneity among agents, and modes of
communication. However, additional information can be incorporated to represent these
aspects with slight modi�cations. Table 2.1 shows an example of such additional informa-
tion, indicating whether an interaction is direct or indirect using solid and dashed arrows,
respectively. Liu et al. [113] use edges in their interaction graphs to denote spatial inter-
actions and distinguish between human-human and human-robot interactions.

As depicted in Table 2.1, interactions between di�erent pairs of agents can be imple-
mented using di�erent models, such as one-to-one or one-to-many. The interaction model
may also vary depending on the types of agents involved, such as human-to-robot, robot-
to-human, robot-to-robot, and human-to-human interactions. For example, a human may
give commands to a single robot at a time (one-to-one), but observe the behavior and
receive messages/information from multiple robots simultaneously (one-to-many) [37,46].

16



Study Interaction Graph Remarks

(a) [36,61] Robot actions are independent of human
teammates. Humans decide their actions
based on robot's actions and potential dis-
cussion with the other human teammate.

(b) [58] Robot actions are independent of human
teammates. Humans decide their actions
based on robot's actions, and observing ac-
tions of the other human teammate (without
an explicit communication).

(c) [50] A human user directly interacts with one of
the two robots, which then conveys the re-
quired information to the second robot while
the user observes the two robots.

Table 2.1: Examples of multi-agent human-robot systems with respective interaction graphs. The
orange solid arrows signify direct interactions between agents (e.g., explicit communication), while
dashed blue arrows denote the indirect interactions (observational). A maximum of two humans
and robots are shown in the �gures but interaction graphs can be drawn for larger number of
agents in a similar way. Note that this table only shows examples of possible interaction graphs
and is not an exhaustive list.

These interaction models are further categorized based on the number of agents connected
at each end of the communication channel.

One-to-one interaction model resembles the dyadic interactions commonly observed
in human-robot systems, where one robot interacts with one human teammate at a time,
despite the presence of other agents in the environment. This form of interaction is com-
monly seen in systems where one can a�ord the commands/instructions for an agent to
be independent from others (e.g., in systems where coordination among agents is not re-
quired). A common application is seen in systems where a human operator manages a
team of multiple robots by giving each of them separate commands. While a 
eet of au-
tonomous robots acts in separate environments, a human operator can monitor their states
remotely, and can intervene to help a robot via teleoperation when the robot encounters a
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Study Interaction Graph Remarks

(d) [37,38] A human operator controls each robot indi-
vidually. Human's selection of robot is de-
cided either by observation of robots' states
or based on the suggestion shown by the in-
terface (G).

(e) [74] Commands of multiple human operators are
converted to actions required by individual
robots. Operators observe each robot di-
rectly and can also interact with each other
to resolve con
icts.

(f) [80] Two teams, each consisting of one human
and one robot, play a competitive card game.
Each agent decides on their actions based on
observations of other agents' actions. The
only direct communication in the system oc-
curs when a robot speaks to its partner to
convey its emotions.

Table 2.2: Examples of multi-agent human-robot systems with respective interaction graphs
(cont'd).

challenging state [37,38]. The one-to-one interaction model can also be applied in human-
robot swarm systems, e.g., using a leader-follower approach [114]. One-to-one interactions
are also seen in o�ce settings, where a single human interacts with a single robot, even in
the presence of multiple humans or robots [47,60]. In settings where agents are located in
the same environment, the system also has indirect interactions, occurring when an agent
observes other agents and interactions are happening between those agents. These indirect
interactions still follow a one-to-one model, as the 
ow of information from each agent is
directed towards the observer.

One-to-many interaction model can be seen in situations where one robot is directly
interacting with multiple humans at once [80,81,115], and where one human is simultane-
ously interacting with multiple robots [116{118]. One way to implement this interaction
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model is through verbal communication or gestures, enabling group commands to be issued
to multiple agents simultaneously [119]. Consequently, this model is commonly observed in
social settings where humans and robots coexist in the same environment [80,115]. Another
similar application of this model is found in classroom settings where a robot serves as a
tutor for a group of students to promote group-based learning [52, 81, 120]. Additionally,
when a robot interacts with multiple humans in a public space, the one-to-many model
naturally applies [69]. In industrial or military-oriented applications where humans and
robots may be located in separate environments, the one-to-many model is often imple-
mented using a group command node (see interaction graphs in Table 2.2; shown as node
(G)). This group command node is an interpreter { an interface or an algorithm { that
converts communication from one or more agents into information required for each indi-
vidual agent before relaying that information to the intended recipient(s). For example,
when controlling multiple ground or aerial robots, a human operator can issue commands
to the entire 
eet, and the group command node converts these commands into speci�c
actions for each robot [116, 121]. Similarly, when humans interact with a swarm, a group
command node is typically employed to convert human intentions or commands into control
signals for all robots, ensuring e�cient human control [27,122].

Many-to-many interaction model can be observed in multi-human { multi-robot sys-
tems, multiple one-to-many interactions can occur among di�erent agents simultaneously.
Although less common in the literature, some studies [110,123,124] have presented inter-
action interfaces to facilitate many-to-many interactions. A common approach to enable
interactions in such systems is through a proxy architecture designed to facilitate collab-
oration between humans and robots with varying levels of autonomy [70, 86, 125]. For
instance, the system presented by Patel et al. [74] utilizes an AR interface on separate
screens to enable multiple users to interact with multiple robots. In the absence of such
proxies, the human users in the system must resolve any con
icts (in commands/decisions)
by themselves and work out a common strategy [126]. Many-to-many interactions can
be represented in the interaction graphs of Table 2.2 as a group node (G) with multiple
incoming and outgoing edges. A many-to-many model provides a natural and e�cient
interaction setup in a multi-agent system as there are minimal constraints on when agents
are allowed to communicate with each other, and information from multiple agents can be
simultaneously relayed to their respective recipients.

2.2.2.2 Communication Modalities and Interfaces

Communication modalities refer to the modes through which di�erent agents interact in
the system (e.g., speech, haptics, screen etc.). Similar to conventional dyadic HRI sys-
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tems, a multi-agent system can involve agents communicating through verbal or non-verbal
modes, or a combination of multiple modes simultaneously. The choice of communication
modes depends on factors such as the environment, system application, proximity of agents,
and their interaction capabilities. Each modality has its own advantages, implementation
requirements, and limitations. Proximity plays a signi�cant role in determining feasible
communication modalities for enabling e�cient communication among humans and robots.
Therefore, to discuss the di�erent types of communication modalities used in multi-agent
systems, it is helpful to group them based on the proximity of the agents.

Remote communication: is ubiquitous in systems designed to operate in potentially
dangerous or inaccessible environments for enabling remote communication among humans
and robots. Human control of a 
eet of UAVs [57,127], supervision during search and rescue
tasks [46,55,128] and teleoperation of underwater robots [129] are some of the applications
that make use of remote communication techniques.

However, remote interaction with robots can lead to higher cognitive workload for hu-
man users [130], which further increases with an increasing number of robots [40,95]. Com-
municating plans to team supervisors and maintaining their situational awareness are also
important challenges in collaborating with remote robots [131]. Thus, developing interac-
tion interfaces that facilitate e�cient and reliable human interaction with multiple remote
robots is an important research area in remote HRI [75, 103, 132, 133]. In systems with
a disproportionately high number of robots compared to human operators/supervisors, it
becomes challenging for human users to interact with all robots e�ciently due to percep-
tion, workload, and situational awareness challenges [40]. Intelligent interface designs are
therefore required to mitigate these challenges [134]. The existing literature predominantly
consists of screen-based interface designs, which are convenient to implement in such sys-
tems, as evidenced by the studies discussed earlier in this section. Common design features
of multi-robot interfaces include camera feeds of multiple robots in small cards along the
screen edge, an enlarged view of a selected robot, and a map or overview of all robots
in the environment [38, 135]. Recently, immersive interfaces using Virtual Reality (VR)
or Augmented Reality (AR) have gained popularity in multi-robot systems [133,136] and
have been shown to improve operator's situational awareness and decrease workload [137].
Some systems also incorporate multiple communication modes, such as haptics and audio,
to enhance interaction outcomes [9,138].

Proximate communication is found in systems where humans and robots are located
in the same environment, as there is a wider range of options for system designers to choose
from in terms of communication modes. These modes include auditory channels (speech
and non-speech audio), visual channels (gestures, facial expressions, body postures and
gaze), and physical channels (touch and force). For proximate communication, it is also

20



common to use multiple modes simultaneously, resulting in a multi-modal communication
architecture. For example, Pourmehr et al. [139] present a system that uses a combination
of haptic and verbal inputs from a human user to control multiple UAVs. In another
system by Gromov et al. [102], a human user can communicate with robots using speech
and gestures, while robots provide visual and verbal feedback to the user.

Proximate communication is more commonly observed in social robotics, as it facilitates
the personal interactions required in a social setup. Social cues, both verbal and non-verbal,
play a signi�cant role in conveying meaning during interactions [101]. Studies have explored
the use of di�erent cues, such as expressions and movements, to communicate a robot's
intent, emotions, and information more clearly in a group setting [80, 140]. The spatial
placement of agents relative to each other and the environment also in
uences human
behavior in a group setting [141,142].

When agents are co-located, the interaction between any two agents can have an e�ect
on the behavior and future interactions of other agents, demonstrating indirect/implicit
communication. Human-Human Interactions can be in
uenced by Human-Robot Interac-
tions [63,90,91]. Similarly, Robot-Robot Interactions can impact future human interactions
with the robots [50,143] or a�ect a human's psychological state [144]. Moreover, the em-
bodiment or mere presence of a robot can in
uence human behavior and their perception
of the robots [145,146]. Communication modalities can also vary depending on the agents
involved and the direction of communication. For instance, Berg et al. [147] present an
interaction system where the human to robot communication channel is realized through
gestures and eye tracking while the information from the robot to the human is commu-
nicated using a projection. In the system presented by Rosenthal et al. [60], the robot
communicates its queries using speech and receives human input using a visual interface
on a laptop. Also, it is common to see di�erent communication modalities between Human-
Robot and Human-Human Interactions [71].

2.2.3 Computational Characteristics

In addition to the perceptibleaspects of an HRI system, which de�ne the presence and
interactions of agents, computational aspects play a crucial role in in
uencing and control-
ling their behavior. Now, we look into computational aspects of the system, speci�cally
how system designers can choose to in
uence/control the behavior of di�erent agents in the
system. In an HRI system, behavior and actions of robots are controlled directly, either
governed by an optimization-based action-policy or via prede�ned/rule-based methods, or
a combination of both. On the other hand, human behavior is in
uenced indirectly us-
ing robots|via robots' actions, their interactions with the humans, other robots or the
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environment, or by explicit communication. Some systems incorporate human behavioral
models to determine robot actions, while others adopt a model-free approach.

For the purpose of this article, we prioritize the discussion of robot control in multi-
agent HRI systems, while including relevant aspects of human behavior when necessary.
Speci�cally, we examine the two main types of robot control: 1) Optimization-based con-
trol, and 2) Prede�ned and rule-based control. Furthermore, we also discuss the di�erences
that the presence of multiple agents brings to the system.

Optimization-based control refers to a framework of computing robot actions to
optimize one or more performance-de�ning parameters established for the system. The
performance parameters often represent factors like time of task completion [30], cost
incurred (resources spent) [16] and reward earned (value produced) [37,148]. In the multi-
agent HRI literature, to pose the mathematical optimization problem, we �nd examples
of systems being modeled in the form of time-series [129], outcome probabilities [16, 45]
or Dynamic Bayesian Network [149]. Machine-learning and other data-driven methods are
also some of the tools used in optimization-based control, e.g., [37, 89, 150]. Such system
models are often motivated by literature from di�erent areas of behavioral study such as
psychology, economics and social sciences. For example, Shannon et al. [151] present the
Pew model from psychology, Swamy et al. [37] make use of the Luce Choice model from
economics, and Bera et al. [152] use entitativity related psychology research in their system.

Optimization-based control is seen in studies where the system behaviour can be mod-
elled reliably using existing theories, or where researchers are trying to validate a new
approach for the same. These systems also require that there exist quanti�able and mea-
surable parameters that can be used as optimizing metrics (such as task completing time,
error rate, etc.). When implementing such robot control in multi-agent systems, there
are a few considerations to handle. When multiple agents are present in the system, the
required information access and the possibility of interactions may increase exponentially
with the number of agents. This problem has motivated a whole segment of research on
the development of computationally e�cient decision-making and control techniques for
multi-agent HRI systems. Among other applications, this research is seen in systems en-
abling a robot in
uence a team of multiple humans [89], enabling multiple robots to safely
navigate among other robots and humans [153], predicting human behavior while super-
vising multiple heterogeneous unmanned vehicles [154], and �nding task allocation and
sequencing for multiple robots travelling to collaborate with humans [30]. When dealing
with a large number of robots, human users' ability to maintain awareness of the system's
state might be insu�cient [155,156] and thus the users may bene�t from a decision support
system (DSS). Applications of such DSSs are seen in systems enabling a human operator
to assist multiple remote robots [37], and in allocating operators to multiple navigating
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robots [16,38,78]. There are also several studies on human supervision of 
eets or swarms
of remote robots. Lewis [26] presents a review of systems enabling such supervision under
the construct of command complexity, while Kolling et al. [27] review research on human
control of robot swarms.

Prede�ned and rule-based control methods provide a convenient way of imple-
menting robot control in an HRI system without the use of computational models or data.
This includes techniques like Wizard of Oz, expert knowledge-basedif...then rules or pre-
speci�ed sequences of actions. These methods help simplifying the robot's decision-making
and allow the researchers to focus on other aspects of Human-Robot Interaction that the
system is designed to investigate, e.g., the outcome of a controlled interaction [50, 143].
In some systems, direct use of an optimization-based control is not possible (e.g., due to
lack of a numerical model), and a subjective interpretation of system events is required
based on expert knowledge. Such systems often have robot action policies implemented as
if...then rules instead of numerically computed conditions. For example, Correia et al. [80]
present an algorithm to generate robot emotions given system events, based on knowledge
from psychology. Rule-based control is more commonly seen in studies that deal with
subjective metrics of outcome (e.g., human perception of robots, workload, etc.). It is to
be noted that the optimization-based and rule-based control methods are not mutually
exclusive. It is possible to implement a combination of an optimizing policy with an ex-
pert knowledge-based model. For example, in the system presented by Alves et al. [81],
the robot's behavior is decided by a hybrid controller that combines manually-encoded
behavioral rules and a machine learning-based mapping function.

While the use of a rule-based control can enable a system to decide the robot's behavior
based on some feedback from the environment, it is also possible to pre-specify robot
behavior without any decision-making component. This robot control method facilitates
studies to manipulate di�erent test conditions where feedback from the environment is
not required. Such implementation is commonly seen in studies which investigate the
e�ects of speci�c robot's behaviors on human users, e.g., users' perception of robots [157],
knowledge acquisition [66], group emotions [158] and perceived legibility [159]. Referring
back to the interaction graphs de�ned in Section 2.1, this type of robot control results
in unidirectional edges from robots to humans. Under prede�ned and rule-based control
methods, the Wizard of Oz (WoZ) is a common technique of implementing human-assisted
robot control in multi-agent (mainly multi-human) systems. In this technique, a hidden
human `Wizard' (teleoperator) controls some or all of the robots' actions, speech, gestures
and behavior, unknown to other human users in the system [160]. Depending on the level of
robot autonomy, the Wizard can be used to replace certain parts of the robots' perception
or cognitive capabilities (e.g., [161,162]), thus overcoming the robots' limitations. It is also
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possible to have a mixed-initiative approach where either the robots or the human user
can take control of the robots' actions (e.g., [46,129,163]).

Note on Group/Individual behavioral parameters: Regardless of the type, robot
control in multi-agent systems can be implemented in two ways: either based on parameters
of individual agents or based on the group as a whole. Taking the parameter of trust as an
example in a system with a single human and multiple robots, one can either plan robots'
actions by considering trust of the human in each individual robot [164], or one can consider
the human's trust in the whole robot team [165]. Other examples of robot control based
on individual parameters can be seen in studies with parameters like engagement [82] and
attention [143]. Such individual modelling provides a simple method to expand dyadic HRI
research to the multi-agent setting, and to test any di�erences between the two. Group-
based robot control has its own bene�ts. Often, the humans in the system are not working
independently of other agents. So, one may �nd it useful to decide robot control as a
function of group-based parameters, something not possible in dyadic systems. Such control
is particularly useful in systems where agents act as a coordinating team, or in applications
where performance or behavior of the whole group is central. For example, a robot can
express group-based emotions to increase its likability among human teammates [80], or
use audio features to a�ect group entitativity [166].

2.2.4 Interactions between the Core Aspects and Attributes

When examining the multi-agent HRI literature across the three core aspects, we can ob-
serve that the system attributes chosen by researchers within one core aspect are in
uenced
by attributes within other aspects. To understand the interaction between these core as-
pects, we consider a speci�c set of attributes as the \con�guration" of the system under
each core aspect. For example, the team structure is de�ned by its size and composi-
tion. The categorizations across the di�erent core aspects are designed in such a way that
each core aspect's con�guration can be independently determined during system design.
In other words, one can select any attribute from each column of the table in Figure 2.2
to build a multi-agent HRI system1. This implies that a viable system can have any of
the three con�gurations for team size, featuring homogeneous or heterogeneous agents,
adopting one-to-one or one-to-many interaction models, employing proximate or remote
communication modes, and using optimization-based or rule-based control for the robot(s)
in the system.

1With the exception that having a many-to-many interaction model requires a team size comprising
multiple humans and multiple robots.
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However, the con�guration of one core aspect can in
uence how another core aspect
of the system should ideally be con�gured. For instance, in the case of a large team
size, a one-to-many communication model may be more e�cient, particularly in co-located
settings as demonstrated by Kim et al. [119]. Additionally, systems with a large number
of robots often incorporate a group command node to facilitate coordination among the
robots, as it can be challenging for the human(s) to communicate individually with each
robot. This interaction model is therefore commonly utilized in Human-Swarm Interaction
scenarios [27].

Similarly, the Wizard of Oz control technique is prevalent in systems with a limited
number of robots because of its ease of implementation [160]. However, this technique may
hinder scalability of such systems and restrict researchers to use homogeneous or a limited
number of robots. This highlights the need of developing e�cient tools for implementing
robot decision-making to facilitate HRI research in large-scale systems. Moreover, a system
requiring a human Wizard to closely monitor the agent(s) can be cognitively demanding
and time consuming. The choice of con�guration is also in
uenced by the target application
and objective of the study. As seen in Section 2.2.2, systems designed for social settings
often adopt a one-to-many interaction model. In cases where a human operator needs to
supervise multiple robots, a simple screen-based interface is a popular choice among system
designers.

However, it is important to emphasize that research in multi-agent HRI is still in
its early stages, and it does not yet provide a de�nitive guide for achieving an \ideal"
system con�guration, or even establish whether such an ideal con�guration exists. For
example, although screen-based interfaces have been prevalent in systems with multiple
robots, researchers are beginning to explore the potential of VR and AR-based interfaces for
their immersive and enhanced capabilities. As the literature in this �eld continues to grow,
future developments may enable us to determine whether these existing con�gurations can
serve as guidelines for designing multi-agent HRI systems, or if they represent opportunities
to explore novel con�gurations.

2.2.5 Supervised Robot Fleet as a Multi-Agent HRI System

In the upcoming chapters, our attention centers on a scenario involving a 
eet of robots
navigating an environment under the remote supervision of a limited number of human
operators. Here we will provide an overview of how our system aligns with the classi�cation
framework outlined earlier, shedding light on its classi�cation.

To begin, our system's team structure consists of multiple robots and multiple human
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operators. A distinguishing characteristic is that all robots share identical attributes,
forming a team of homogeneous robots and similarly all humans form a homogeneous
team as well.

In terms of interaction style, our system employs a central computational entity to fa-
cilitate interactions between the human operators and the robots. This entity gathers data
from all robots and then allocates each human operator to the robots requiring assistance,
resulting in a many-to-many information exchange. After allocation, a human operator
may engage in direct interaction with a speci�c robot, resulting in a one-to-one interaction
mode. The interaction graph of our system is illustrated in Figure 2.3.

Given that the operators are located remotely, our system necessitates the use of a
remote interface to facilitate communication between the robots and operators. In Chap-
ter 6, for example, we employ a web-based screen interface within the context of the study
presented.

Lastly, regarding robot control strategies, our system adopts di�erent approaches across
the studies featured in various chapters. In Chapter 4, the systems utilize an optimization-
based control approach. Conversely, the studies explored in Chapters 5 and 6 employ
prede�ned behaviors for the robots.

Figure 2.3: Interaction Graphs of the supervised robot 
eets as HRI systems discussed in this
thesis. Left: In Chapters 4 and 5, the systems in consideration have a central computational
entity (G) { a decision support system { that collects data from all robots and then allocates
human operator(s) to the robots that need assistance or schedules assistance for future instances.
Operators can directly assist each robot individually, and are allocated by the central computa-
tional entity. Right: In Chapter 6, we look into a scenario where a single user monitors multiple
robots, and interacts with them when required. Moreover, the interface (G) can direct the user's
focus to speci�c robots as prompted by interruptions.
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Chapter 3

Preliminaries

In this chapter, we provide mathematical preliminaries and de�nitions relevant to the
thesis.

3.1 Graphs

A graph G is de�ned as a pair of setsG = ( V; E), where the setV represents the vertices
in the graph and E � V � V is the set of edges between the vertices. An edge inE is an
ordered tuple (u; v) connectingu 2 V to v 2 V.

De�nition 3.1 (Neighbours of a Vertex). In a graph G = ( V; E), the neighbours of a
vertex u 2 V is the set of vertices to which there exists a direct edge connecting them tou,
i.e.,

N (u) = v 2 V j (u; v) 2 E:

For brevity, an edge (u; v) can be denoted aseuv .

De�nition 3.2 (Weighted Graph). A weighted graph is de�ned as tripletG = ( V; E; c),
wherec : E ! R is a function assigning weights (costs) to each edge in the graph.

When the set of edgesE and the associated edge weightsc remain constant over time,
the graph is referred to as a static graph. In this thesis, we also look into time-dependent
graphs, where certain properties of the graph are function of time, and therefore, the time
spent traversing an edge or waiting at a vertex are also considered.
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De�nition 3.3 (Time-Dependent Graph). A time-dependent graph is de�ned asG =
(V; E; c; cw ; � ), where the functionc : E � R� 0 ! R assigns costs to edges,cw : V � R� 0 �
R� 0 ! R assigns costs to waiting at vertices, and� : E � R� 0 ! R� 0 assigns durations
(traversal time) to each edge in the graph.

We represent the cost of an edgee = ( u; v) as c(e; t) or c(u; v; t) for a departure time
t 2 R� 0. Similarly, duration of and edge can be represented as� (e; t) or � (u; v; t). The
cost of waiting for a duration of wu 2 R� 0 can be represented ascw(u; wu; t). The time
variable t can either be continuous (2 R� 0) or discrete (2 Z � 0).

De�nition 3.4 (Topological Path). A topological path P> is de�ned as a sequence of
vertices hv1; v2; : : : vn i , where

ˆ vi 2 V for i 2 [1; n], and

ˆ (vi ; vi +1 ) 2 E for 1 � i � n � 1.

A topological path represents a sequence of edges taken to travel from one vertex to
another in a graph. In time-dependent graphs, for a path to be valid, additional conditions
need to be met, which can be expressed using anexecution path.

De�nition 3.5 (Execution Path). An execution pathPX is de�ned as a sequence of triplets
h(v1; t1; w1); (v2; t2; w2); : : : ; (vn ; tn ; wn )i , where

ˆ vi 2 V for i 2 [1; n],

ˆ (vi ; vi +1 ) 2 E for 1 � i � n � 1,

ˆ wi 2 R� 0 for i 2 [1; n], and

ˆ t i +1 = t i + wi + � (vi ; vi +1 ; t i + wi ) for 1 � i � n � 1.

Here,wi denotes the waiting time at vertexvi and t i denotes the arrival time at vertex
vi . It is possible to have additional constraints over the waiting limits, or edge traversability
depending on the problem requirements. In later chapters, we denote the execution paths
PX simply asP, dropping the superscriptX and only provide clari�cations where required.

3.1.1 Shortest Path Problems

In a general form, the shortest path problem can be de�ned as follows for the static and
time-dependent graphs.
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3.1.1.1 Static Graphs

On a static weighted graph, the shortest path problem aims to �nd a topological path with
the minimum total weight or cost between two speci�ed vertices, a source vertex and a
goal vertex.

Problem 3.1. Given a weighted graphG = ( V; E; c), and the setP> of all possible topo-
logical pathsP> of arbitrary length n(� 0), such that P> := hv1; v2; : : : vn i , �nd the path
with the minimum total weight or cost between verticess and g, i.e.,

min
P > 2P >

n� 1X

i =1

c(vi ; vi +1 )

s:t: v1 = s;

vn = g:

3.1.1.2 Time-Dependent Graphs

Shortest path problem in time-dependent graphs is commonly implemented as a time-
constrained problem. Given a time-dependent graph, the shortest path problem aims to
�nd an execution path with the minimum total weight or cost between two speci�ed vertices
under the constraint that the total duration of the path does not exceed some given limit.

Problem 3.2. Given a time-dependent graphG = ( V; E; c; cw ; � ), and the setPX of all
valid execution pathsPX of arbitrary length n, such thatPX := h(v1; t1; w1); (v2; t2; w2); : : : ;
(vn ; tn ; wn )i , �nd the path with the minimum total cost between verticess and g such that
the path duration does not exceedT 2 R� 0, i.e.:

min
P X 2P X

n� 1X

i =1

cw(vi ; wi ; t i ) + c(vi ; vi +1 ; t i )

s:t: v1 = s;

vn = g;

tn � T:
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3.1.2 Graph Search for Shortest Path Problems

Performing an informed search through the given graph is a common class of methods
to solve the shortest path problems on static graphs (Problem 3.1). Various algorithms
have been developed in this solution domain, each with its own strengths and limitations.
One widely used approach is theA � algorithm, which combines elements of the Dijkstra's
algorithm [167] with an admissible heuristics [168] to guide the search towards the goal
vertex more e�ciently.

Let h : V ! R� 0 be a function denoting the heuristic value assigned to vertexv, and
let c� (v) denote the optimal (minimum) cost from vertexv to the goal.

De�nition 3.6 (Admissible Heuristic). A heuristic function h(v) is admissible if for every
vertex v in the graph, it satis�es the condition:

h(v) � c� (v):

In other words, the heuristic function provides a lower bound estimate of the cost
to reach the goal. By considering both the actual cost from the source vertex and an
estimated cost to the goal vertex,A � can e�ciently �nd the shortest path in static graphs.
Algorithm 3.1 gives a pseudo-code for �nding the shortest (minimum cost) path in a static
graph.
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Algorithm 3.1 A �

1: Input: G = ( V; E; c), source vertexs, goal vertexg, heuristic function h
2: Output: Minimum cost path P from s to g
3: d(v)  1 for all v 2 V
4: d(s)  0
5: Q  initialize priority queue
6: Q:insert(s; d(s) + h(s))
7: pred  initialize predecessor info
8: while Q not empty do
9: u  Q:extract-min() // Vertex with minimum d(u) + h(u)

10: if u = g then
11: break
12: for all v 2 neighbors(u) do
13: dist  d(u) + c(u; v)
14: if dist < d (v) then
15: d(v)  dist
16: Q:insert(v; d(v) + h(v))
17: pred(v)  u // Store predecessor vertex
18: P  [ ] // Initialize empty list for path
19: v  g // Start from the goal vertex
20: while v 6= s do
21: P:append(v) // Add current vertex to the path
22: v  pred(v) // Move to the predecessor vertex
23: P:append(s)
24: P:reverse
25: return P

As we discuss in Chapter 4, this algorithm can also be adapted to solve a discrete time
version of the time-dependent shortest path problem (Problem 3.2) by creating a copy of
each vertex for each time stept 2 [0; T], and adding appropriate edges. For instance, if
euv 2 E, then new edges will connectut to vt+ � (u;v;t ) for all t 2 [0; T � � (u; v; t)]. We
provide more details and an admissible heuristic in Chapter 4.
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3.1.3 Time Dependent Shortest Path Problems

The Time Dependent Shortest Path (TDSP) Problems can also be solved using an iterative
approach as shown by Cai et al. [169]. In this thesis, we are concerned about a variant of
TDSP problems which has constraints on the maximum wait time allowed at a vertex. Cai
et al. [169] present a solution to the problem of �nding time-varying constrained shortest
path (TCSP) from a given start vertex to other vertices in a time-varying graph constrained
by a maximum time T, and having constrained wait times (CWT). The algorithm works
in a discrete-time setting. In Alg. 3.2, we provide the pseudo-code.

Algorithm 3.2 TCSP-CWT

1: Input: G = ( V; E; c; � ), source vertexs, time constraint T, waiting constraints wv for
all v 2 V

2: Output: Minimum cost d�
C (v) for all v 2 V under the given time constraint

3: dC (v; t)  1 for all v 2 V, t 2 f 0; : : : ; Tg
4: dC (s;0)  0
5: Qv  f dC (v;0)g for all v 2 V // Initialize priority heaps for each vertex
6: dm

C (v;0)  dC (v;0) for all v 2 V
7: Sort all valuest + � (u; v; t) for all t 2 f 1; : : : ; Tg and (u; v) 2 E
8: for t = f 1; : : : ; Tg do
9: for all (u; v) 2 E do

10: � C (u; v; t)  1
11: for all f (u; v) 2 E and all tD s.t. tD + � (u; v; tD ) = t do
12: � C (u; v; t)  minf � C (u; v; t); dm

C (u; tD ) + c(u; v; tD )g
13: for all v 2 V do
14: dC (v; t)  minujf (u;v )2 E g �( u; v; t)
15: Qv:insert(dC (v; t))
16: if t > wv then
17: Qy:delete(dC (v; t � wv � 1))
18: tA  arg mint dC (v; t) // Can be extracted from Qv

19: dm
C (v; t)  dC (v; tA )

20: d�
C (v)  min0� t � T dC (v; t)

21: return d�
C // Return the �nal minimum cost

Note that this algorithm does not consider cost of waiting and does not return the
required path, which will require some additional steps similar to Alg. 3.1.
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3.2 Submodularity

In this section we review some essential concepts related to submodular set functions
and submodular sequence functions [170{172]. The concept of submodularity provides a
foundational framework for various optimization challenges characterized by diminishing
returns. This property has signi�cant implications across many disciplines, serving as
a representation of scenarios where resource allocation yields decreasing improvements.
This mathematical principle holds particular relevance in real-world applications, such as
resource distribution and information retrieval.

Let E be a �nite set. A function f over E assigns a value to every subset ofE, denoted
as f : 2E ! R.

De�nition 3.7 (Normalized and Monotone). The function f is said to be normalized if
f (; ) = 0 . It is also considered monotone non-decreasing if, for any subsetsA and B of E
whereA � B � E, we havef (A) � f (B ).

De�nition 3.8 (Submodularity). The function f is called submodular if, for all subsets
A and B of E whereA � B � E, and for all elementsx 2 E n B, the inequality f (A [
f xg) � f (A) � f (B [ f xg) � f (B ) holds.

Submodular functions exhibit the property ofdiminishing marginal returns. This means
that the contribution of any element x to the total value of a set function decreases as the
set size increases. Formally, for all subsetsA and B of E where A � B � E, it follows
that f (A [ f xg) � f (A) � f (B [ f xg) � f (B ).

3.2.1 Sequence Submodularity

Instead of sets, let us consider a functionf de�ned over sequences derived from a base
set E. For our purposes, a sequenceA = ha1; : : : ; ak i of length k 2 Z> 0 is composed
of k elements from the base setE, i.e., ai 2 E. Given two sequencesA = ha1; : : : ; ak i
and B = hb1; : : : ; b̀ i de�ned over the same base set, they can be combined into a larger
sequence by concatenation denoted asA k B = ha1; : : : ; ak ; b1; : : : ; b̀ i . A sequenceA is
called asubsequenceof another sequenceB, represented asA � B , if there exists a sequence
C such that B = A k C. A sequence functionf maps sequences derived from a base set
E to real numbers. The value of a sequence function depends on both the elements in the
sequence and the order of those elements.

Let A = ; denote an empty sequence, and letE n A denote the set of elements ofE
not in the sequenceA.
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De�nition 3.9 (Sequence Normalized and Monotone). The sequence functionf is said
to be normalized if for an empty sequenceA = ; , f (A ) = 0 . The sequence function
f is monotone non-decreasing if for all subsequencesA of a sequenceB, i.e., A � B ,
f (A ) � f (B).

De�nition 3.10 (Sequence Submodularity). The function f is sequence submodular if for
all sequencesA and B derived from the setE such that A � B , and for all sequencesC
derived from the setE n B, we havef (A k C) � f (A ) � f (B k C) � f (B).

The property of submodularity signi�cantly in
uences optimization methods for a given
problem, particularly in the context of greedy algorithms. Greedy algorithms, that sequen-
tially add elements to maximize the marginal gain, are shown to have a remarkably good
performance in maximizing submodular functions. Theset greedy algorithmstarts with an
empty set S and repeatedly adds an elementx 2 E n S to S that maximizes the marginal
gain f (S [ f xg) � f (S). Similarly, the sequence greedy algorithmbegins with an empty
sequenceS and repeatedly appends an elementx 2 E n S that maximizes the marginal
gain f (S k f xg) � f (S).

3.3 Restless Multi-Armed Bandits

In this section we provide an overview of Restless Multi-Armed Bandits (RMAB), index-
ability and the Whittle index policy.

3.3.1 Restless Bandit Process

A restless bandit (RB) process is a controlled Markov process (~Z ; f 0; 1g; ~T ; ~C; ~z0) where ~Z
is the state space,f 0; 1g is the action space,~T : ~Z � ~Z � f 0; 1g ! R[0;1] is the transition
probability function, ~C : ~Z � f 0; 1g ! R is the per-step cost function, and ~z0(2 ~Z ) is the
initial state. By convention, action 0 is called thepassiveaction and action 1 is called the
active action.

3.3.2 Restless Multi-armed Bandit Problem

A Restless Multi-armed Bandit (RMAB) is a collection of K independently evolving
RBs ( ~Z k ; f 0; 1g; ~Tk ; ~Ck ; ~zk

0 ), k 2 K := f 1; : : : ; K g. Each process is conventionally called an

34



arm. A decision-maker selects at mostM arms (M < K ) at each time instance. Let ~Z k
t

and ~Ak
t denote the state of armk and the action chosen for armk at time t. Let f ~Z tgt � 0

and f ~A tgt � 0 where

~Z t := ( ~Z 1
t ; : : : ; ~Z K

t ) and ~A t := ( ~A1
t ; : : : ; ~AK

t );

denote the states and actions of all arms. As the dynamics of each arm are independent,
we have

~T( ~Z t+1 j ~Z t ; ~A t ) =
Y

k2K

~Tk( ~Z k
t+1 j ~Z k

t ; ~Ak
t ):

The instantaneous cost of the system is the sum of costs incurred by each arm. The perfor-
mance of any time homogeneous Markov policy~� :

Q K
k=1 Z k ! f a 2 f 0; 1gK : jjajj 1 � M g

is measured by

~J (~� ) = E
� 1X

t=0


 t
KX

k=1

~Ck( ~Z k
t ; ~� ( ~Z k

t ))

�
�
�
� ~z

1
0; : : : ; ~zK

0

�
; (3.1)

where 
 2 (0; 1) denotes the discount factor. Finally, the RMAB optimization problem is
as follows:

Problem 3.3. Given a discount factor
 2 (0; 1), a collection of armsf ( ~Z k ; f 0; 1g; ~Tk ;
~Ck ; ~zk

0 )gk2K , and the numberM of arms to be chosen at each time, choose a policy~� :Q K
k=1 Z k ! f a 2 f 0; 1gK : jjajj 1 � M g that minimizes ~J (~� ).

Even though the arms operate independently, the actions applied to them are not in-
dependent. They are coupled through the operator allocation constraints. Therefore, we
cannot decompose the dynamic programming into multiple smaller MDPs. As discussed
earlier, the Whittle index policy is one of the commonly used heuristics to solve an RMAB
problem [173] and it addresses the scalability issues of dynamic programming-based so-
lutions. This policy is computationally e�cient and it readily generalizes to the setting
whereK or M changes over time. Next, we present the required de�nitions.

3.3.3 Indexability and the Whittle index policy

In this section, we restrict our discussion to a single arm and therefore omit the superscript
k for the ease of notation. Consider an arm (~Z ; f 0; 1g; ~T ; ~C� ; ~z0) where, for some penalty
� 2 R, modify the per-step cost as

~C� (z; a) := ~C(z; a) + �a; 8 z 2 ~Z ; a 2 f 0; 1g: (3.2)
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Then the performance of any given time-homogeneous Markov policy ~� : ~Z ! f 0; 1g is
given by

~J� (~� ) := E
� 1X

t=0


 t ~C� ( ~Z t ; ~� ( ~Z t ))

�
�
�
�
~Z0 � ~z0

�
: (3.3)

Now consider the following auxiliary problem:

Problem 3.4. Given an arm ( ~Z ; f 0; 1g; ~T ; ~C; ~z0), the discount factor 
 2 (0; 1) and the
penalty � 2 R, choose a Markov policy~� : ~Z ! f 0; 1g to minimize ~J (~� )

� (~z0) given by(3.3).

Problem 3.4 is a Markov decision process. Let us denote the optimal policy of Prob-
lem 3.4 by ~� � . It is assumed that the optimal policy picks passive action at any state where
both the active and passive actions result in same expected cost. Next, de�ne passive sets
and indexability.

De�nition 3.11 (Passive set). Given � 2 R, the passive set~P(� ) is the set of states where
passive action is prescribed by~� � , i.e.,

~P(� ) := f z 2 Z : ~� � (z) = 0 g:

De�nition 3.12 (Indexability) . An arm is indexable if ~P(� ) is non-decreasing in� , i.e.,
for any � 1; � 2 2 R,

� 1 � � 2 =) ~P(� 1) � ~P(� 2):

A RMAB problem is indexable if alln arms are indexable.

De�nition 3.13 (Whittle index) . For an indexable arm, the Whittle index of the statez
of an arm is the smallest value of� for which statez is part of ~P(� ), i.e.,

~w(z) = inf
n

� 2 R : z 2 ~P(� )
o

: (3.4)

Equivalently, the Whittle index ~w(z) is the smallest value of� for which ~� � is indi�erent
between the active action and passive action when the arm is in statez.

The Whittle index policy is as follows: At each time, compute the Whittle indices of
the current state of all arms and select the arms in states withM highest Whittle indices
(provided they are positive).

36



Chapter 4

Route Planning in Collaborative
Human-Robot Teams

TL;DR: We de�ne the route planning problem for a single robot, introduce the notion of
budgets and critical departure times, and propose an optimal solution method based on
these concepts. We then extend this approach to address the problem of prioritizing route
planning for multiple robots in the 
eet.

Robots have come a long way in the past decades, with increasing levels of autonomy
transforming the way they operate in di�erent domains, from factories and warehouses
to homes and public spaces [11, 174, 175]. However, navigating dynamic environments
e�ectively continues to be a formidable challenge. Despite the signi�cant strides made
in robot autonomy, human oversight remains vital in enhancing safety, e�ciency or to
comply with regulatory requirements. For example, a robot navigating through an urban
environment must abide by tra�c regulations and may require human assistance in busy or
construction areas to ensure safety or expedite operations. Similarly, in an exploration task,
robots may require replanning due to changes in the environment, while the supervisor has
already committed to a supervision schedule for other robots and is only intermittently
available. By considering the operator's availability and environmental restrictions, robots
can plan their routes more e�ciently, avoid unnecessary waiting and decide when to use
human assistance.
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In this chapter, we consider the problem of robot planning with the objective of �nding
the fastest route between two con�gurations. We demonstrate our approach through an
example of robot navigation in an urban environment with intermittent operator availabil-
ity, varying travel speeds, and waiting limits. In this context, a route can be de�ned as an
execution paththat includes details about the locations to visit, necessary waiting periods,
and speci�c segments where operator assistance should be scheduled. Figure 4.1 illustrates
the problem overview1. Speci�cally, we consider a city road network where the robot can
traverse through di�erent locations either autonomously or with the assistance of a human
supervisor, each taking di�erent amounts of time. However, the supervisor is only available
at certain times, and the robot has a limited amount of time to wait at a location before
it must move on to its next destination. By formulating the problem in this way, we aim
to address the challenge of collaborative robot planning in real-world environments where
the availability of human supervisors may be limited and thus can a�ect the optimal route
for the robot.

The problem of robot path planning with operator allocation in dynamic networks
is inspired by real-world scenarios where the availability of human assistance and thus
the robot's speed of travel and its ability to traverse certain paths can change over time,
e.g., [176]. Traditional methods, such as time-dependent adaptations of the Dijkstra's
algorithm, are not designed to handle situations in dynamic environments where waiting
is limited, and the task durations may not follow the �rst-in-�rst-out (FIFO) property
[177]. This means that a robot may arrive at its target location earlier by departing later
from its previous location, for example, by using human assistance. To address these
challenges, we draw on techniques from the time-dependent shortest path literature to
solve the problem. Unfortunately, existing optimal solution techniques are severely limited
by their computational runtime. In this chapter, we propose a novel algorithm that is
guaranteed to �nd optimal solution and runs orders of magnitude faster than existing
solution techniques.

Contributions: The main contributions of this work are as follows:

1) We propose a novel graph search algorithm for the collaborative planning problem
with intermittent human availability. The algorithm operates by intelligently selecting the
times of exploration and by combining ranges of arrival times into a single search node.

2) We provide the proof that the algorithm generates optimal solutions.

3) We demonstrate, using simulations, the e�ectiveness of our approach in a city road-
network, and show that it outperforms existing approaches in terms of computational time

1The map shown in Fig. 4.1 shows the road network of the city of Waterloo, generated using QGIS,
OpenStreetMap and OpenRouteService.
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