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Abstract

In recent years, the use of Augmented Reality (AR) technologies are emerg-
ing as a promising solution to enhance human-robot collaboration by enabling a
new medium for communication and interaction between human-robot teammates.
When people and robots work in shared environments, it is vital that they commu-
nicate to collaborate with each other to avoid conflicts, leverage complementary
capabilities, and facilitate the smooth accomplishment of tasks. Although the
communication modalities from the literature have enabled robots and humans to
exchange information, an observability gap exists due to the lack of effective shar-
ing of the agents’ observations. Robot and human agents have different sensory
capabilities leading to a mismatch in their observations, and the agents need to
communicate their observations toward effective human-robot collaboration. The
real world is by-default 3D in nature, and AR provides a communication medium
that enables an easy way to communicate spatial information by overlaying virtual
objects over the real world leading to a comprehensive understanding of the sur-
roundings for human-robot teams. This dissertation is centered around leveraging
AR for bridging the observability gap between humans and robots.

In general, human-robot communication can be separated into two categories,
1, proximate communication - humans and robots are colocated, and, 2, re-

mote communication - the human and the robot are not colocated, and are

v



separated spatially. In proximate communication in shared environments, hu-
mans and robots observe the environment directly, while in remote communica-
tion (shared embodiment) the human observes the environment via the robot.
The main contributions of this dissertation are the algorithms and frameworks
that enable human-robot teams to effectively collaborate with each other in both
proximate and remote communication scenarios.

The frameworks specifically focus on leveraging AR for human-robot collabo-
ration, and have enabled robots to integrate human feedback in planning, learn
visualization policies for human-robot teams, and learned policies to guide human
attention toward potential areas of interest. Our frameworks have been evaluated
in the simulation and deployed on real robots with human participants working on
tasks including collaborative delivery tasks (office and warehouse domains), and
searching for target objects. The results indicate that the frameworks elevated

the human-robot team efficiency, and provided a better user experience.
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1 Introduction

Robots are increasingly ubiquitous in everyday environments including offices,
warehouses, hotels, as well as homes. The advancements in robot autonomy have
enabled the robots to execute long-horizon tasks without the need for human su-
pervision. While the robots can accomplish a wide variety of tasks autonomously,
there are still scenarios where the robots need human help. For instance, the
robots might lack the physical capabilities to accomplish a task like opening a
door, or the robots might lack the capabilities to reason about how to accomplish
the task in case of unforeseen issues at task execution time. Human-robot collab-
oration is becoming increasingly important as robots become more prevalent in
everyday environments.

In the context of human-robot collaboration as a team, the actions of every
agent, both robots and humans, to achieve their goals, have a direct effect on
collaboration efficiency. Robots and humans perceive the environment in different
ways, and have different levels of situational awareness, as well as, a different un-
derstanding of the environment around them. It is crucial that the agents commu-
nicate their observabilities, to ensure that each agent’s observability is considered
for joint decision-making of the team. Towards achieving efficient human-robot
collaboration, the agents also need to effectively share task-related information,

such as their intermediate tasks, towards achieving their shared end goals.



On the one hand, humans are inclined towards using natural language and
gestures to communicate, while the robots better understand digital forms like
text-based commands, which results in a communication gap. To alleviate this,
researchers have employed different communication modalities such as natural lan-
guage, gestures, and haptics to enable humans and robots to interact with each
other, and share information [1]. Augmented Reality (AR) allows the user to see
the real world, with virtual objects superimposed upon or composited with the
real world supplementing the reality, where the virtual and real objects coexist in
the same space [2]. Over the years, AR has been employed in different applica-
tion scenarios like education, medicinal surgeries, industrial training and safety,
rehabilitation, warehouses, etc [3].

Both humans and robots observe different aspects of the world, and, the ad-
vancements in human-robot communication facilitate the human and robot agents
to share their observations, but there still exists a significant gap in their observ-
ability. For example, in the context of telepresence systems, the robot has broader
observability over the environment, whereas the human might have partial obser-
vations compared to the robot. In this case, there exists an observability gap,
where even though both humans and robots share the same embodiment, their
perception of the environment and their situational awareness may be different.
Another example of an observability gap can be during human-robot collaborative
delivery tasks, where the robot and human agents might not be able to directly
observe each other’s task status due to occlusions (e.g. walls), making it difficult
to effectively collaborate.

The observability gap is the difference in capabilities of observing



a world between agents (humans and robots), that potentially lead to
different individually-believed-optimal plans of achieving the same goal.
Bridging the observability gap helps improve the overall observability over the
world of the whole human-robot team.

By bridging the observability gap, we can bring the understanding of the hu-
man and robot agents a step closer to full observability. Toward bridging the
observability gap, we utilize AR for enabling human-robot communication and in-
crease the efficiency of human-robot collaboration. I present the different frame-
works and algorithms designed in the following subsection and describe the re-

search theme.

1.1 Research Theme

Although AR has a rich history of enabling human and robot agents to com-
municate with each other, there still exist limitations. For instance, the existing
AR-based systems that facilitate human-robot communication have leveraged AR
visualizations to provide the human agent with the information necessary for task
completion. While these systems enable the human agent to observe the robot’s
states, these systems assume that the human agent can proactively adapt their
plan by leveraging the information from AR visualizations. This shows that there
exists an observability gap from the human agent to the robots, because the hu-
man agent’s information /feedback can be useful for the robot agents to accomplish
tasks. This research falls under the proximate communication category where I
can focus on enabling bi-directional communication in human-robot teams working

on collaborative delivery tasks in an office environment.
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Figure 1.1: An overview figure highlighting my contributions in different dimen-
sions. The dissertation focuses on bridging the observability gap for both proxi-
mate (shared environment) and remote communication (shared embodiment).

Additionally, all the existing visualization policies for AR interfaces from the
literature are handcrafted and static, which does not consider the state of the
human-robot system to effectively display visualizations. Apart from enabling
humans to share their feedback with the robots, I focus on learning visualization
policies that dynamically adapt based on the state of the human-robot system,
specifically in the warehouse domain, where human and robots work on collabora-
tive delivery tasks. Again this focuses on the proximate communication category,
where the human and robot agents work in a shared environment, and AR medi-

ates the communication between the agents as seen in Figure 1.1 (top).



When robots and humans work together in a telepresence setting, the situ-
ational awareness of the human operator depends on the information observed
via the robot. I focus on leveraging AR visualizations to elevate the situation
awareness of the human operator in remote communication, where the human
and robot agent share embodiment, and the human observes the remote world via
the robot (Figure 1.1 bottom).

It is to be noted that in all of our contributions, we assume that the end goal of
both the robot and human agents is shared, while the intermediate goals can differ.
Moreover, another assumption in our contributions is that, the human teammate
is cooperative and utilizes the AR visualizations towards efficient task completion.
This dissertation aims to bridge the observability gap in different dimensions by
improving the observability of the whole human-robot system aiming towards full
observability, but none of our contributions claim full observability of the world.
Next, I describe the individual contributions of this dissertation, and the respective
frameworks that I designed to bridge the observability gap.

1. Employing AR for bidirectional communication: Researchers have en-
abled bi-directional communication in human-robot teams via AR interfaces. Al-
though both robots and human teammates can communicate their status with the
team, the information from the human teammate is not utilized by the robots
creating an observability gap. To address the observability gap, we designed a
framework, called ARROCH, that bridges the observability gap between the hu-
man and robot agents by providing the robots’ state information to the human
agent, and additionally creating a bidirectional communication channel to enable

the human to provide task-related information in terms of feedback.



ARROCH bridges the observability gap by enabling the human-robot teams to
observe the other agents’ plans. The observability of the plans enables the agents
to infer the other agents’ future task information in AR. Our ARROCH framework
enables the human agent to visualize the current state, and the next set of actions
of a team of robots in AR, while also allowing the human to provide feedback
on the robots’ plans. More importantly, as an advancement from the existing
systems from literature, ARROCH allows the robots at runtime to integrate human
feedback towards efficient tasks accomplishments. Additional details of ARROCH
are provided in Chapter 4.

2. Learning AR policies from demonstrations: In my first contribution, I
enabled the human agent to track the state and plan of a team of robots using AR
visualizations. While the visualizations prove helpful for the human to efficiently
collaborate with the robots, a new challenge arises when the number of robots
in the team increases. With the increase in the number of robot teammates, the
AR visualizations can become overwhelming for the human agent to process, and
effectively utilize for task completion. When too little information is visualized,
human users find the AR interface not useful; when too much information is
visualized, they find it difficult to process the visualized information creating an
observability gap. Moreover, current AR-based visualization policies are designed
manually, which requires a lot of human effort and domain knowledge. To address
this challenge, we designed a framework, called, VARIL, that learns a visualization
policy using imitation learning that decides what to visualize, when, and how
from human expert demonstrations. VARIL utilizes the human-robot team’s state

information to learn a visualization policy. We provide more details of VARIL



in Chapter 5.

3. Learning AR policies from reinforcements: In the VARIL framework,
we have employed imitation learning to enable the visualization agent to learn
a visualization policy. Our framework naturally inherits the demerits of imita-
tion learning, where the performance is bound by the performance of the human
expert providing demonstrations. Additionally, collecting a dataset with human
demonstrations is costly. Reinforcement learning has enabled robots to learn from
interaction with the environment. To tackle the shortcomings of VARIL, I lever-
age multi-agent reinforcement learning to learn visualization policies of AR in the
human-multi-robot setting, and design a framework called VARMAL. We utilize
the value-based method (QMIX) to train the visualization policies in a centralized
end-to-end fashion, while deploying them in a decentralized manner. We provide
more details of VARMAL in Chapter 7.

4. Benchmarking AR agent for large-scale experiments: The complex-
ity of a human-robot system exponentially increases as we move from a human-
single-robot system to a human-multi-robot system. Adding to this complexity,
the AR agent elevates this problem because the AR agent acts as a communica-
tion medium between the human-multi-robot teams. Such a complex system is
very challenging to systematically evaluate due to the large number of interde-
pendent agents working towards their shared goal or even their individual goals.
Moreover, the wide existing literature on simulation platforms does not provide
the functionality of AR. To address this shortcoming, I design a simulator that
simulates the human-multi-robot teams, and their interactions mediated by AR.

The simulator provides a way to model the behavior of the virtual human, and



change the manner in which the virtual human reacts to the visualizations of AR.
Most importantly, the simulator provides different kinds of visualization policies,
including the adapted implementations of some systems from the literature. We
present this simulator as a benchmark platform to help the growing community of
AR researchers working in the robotics domain to jump-start their research and
deploy their AR interfaces in simulation without the added burden of working
with multi-robot systems or additional AR hardware.

5. Learning to guide human attention: In the case of remote communication,
the human shares the same embodiment as the robot, where the human is located
in a remote environment. It is vital that both the human and the robot agents
share high levels of situational awareness while sharing the same embodiment
in shared autonomy tasks. Advancements in sensing technologies have enabled
robots to observe the entire 360-degree field of view of the surroundings. In the
context of telepresence, such an all-degree view can be helpful for humans to gain
situational awareness closer to the robots. In general, the human field of view
spans only 120 degrees, making it difficult for humans to perceive all the avail-
able information. The difference in the robot’s and human’s level of situational
awareness, and the lack of human’s ability to perceive the available information
to the level of robots’ observabilities leads to an observability gap. To address the
observability gap created by the different levels of observabilities in terms of their
field-of-view, I designed a framework, called GHAL360, that tracks the all-degree
view of the remote environment, and accurately guides the human attention using
visualizations toward the area of interest. In GHALS360, the actions of both the

robot and the human agent are shared due to the same embodiment. We learn



the visualizations of GHAL360 using reinforcements to effectively guide human
attention, when the area of interest is out of the field of view of the human agent.

Further details on “GHAL360” are provided in Chapter 6.

1.2 Dissertation Organization

In Chapter 2, I provide the background information that is the basis of different
components used in the frameworks that are part of the core contributions of this
dissertation. Later, in Chapter 4, we provide a thorough literature review of
the different communication modalities, and the parallel works that align with
the theme of leveraging AR for human-robot communication. In the following
Chapters 4, 5,7, 6, and 8, we delineate our individual contributions. Finally,
in Chapter 9, I summarize the contributions and then delineate the future work

in Chapter 10.



2  Background

This section provides background information about the dissertation. It con-
tains information about Answer Set Programming (ASP), and different machine
learning methodologies including MDPs, Supervised Learning, and Reinforcement

Learning.

2.1 Answer Set Programming

Answer Set Programming (ASP) is a popular non-monotonic logic program-
ming paradigm that utilizes declarative language for knowledge representation
and reasoning (KRR) [4, 5], and has been applied to a variety of planning prob-
lems [6], [7], [8], including robotics [9]. ASP is particularly useful for robot task
planning in domains that include a large number of objects [31]. An ASP program
consists of a collection of statements, that provides the domain description, includ-
ing the objects and their relations. Defining a domain in ASP syntax requires the
core ASP elements of atoms, literals, and rules. An atom is an elementary proposi-
tion, such as 1, while a literal is an atom with its negation, such as | and -1. Literal
can also be the default negation of an atom represented by not. ASP provides
the ability to perform default reasoning using concepts such as default negation

13

and epistemic disjunction, e.g., unlike “= a”, “not a” only implies that “a is not

believed to be true” and does not imply that “a is believed to be false”. A rule
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consists of a head and a body. The head is true when the body is true. A rule
is expressed as: ly, - - -, lg == lgy1, - -+ 5 L, 0Ot lpyq, - - -, not [, where [; is a
literal. A rule without the head is a constraint, and a rule without the body is a
fact. Solving an ASP program results in an answer set, which contains a set of all
the possible solutions. An answer set is a set of ground literals that represent the

beliefs of an agent associated with the program.

2.2 Machine Learning Methodologies

Machine learning (ML) is used to teach machines how to handle data more
efficiently. Machine Learning consists of different algorithms to solve data prob-
lems. Some of the commonly used algorithms in ML are Supervised Learning,
Unsupervised Learning, Semi-supervised Learning, Reinforcement Learning, and
Ensemble Learning. In this section, we will briefly describe Supervised Learning,

and Reinforcement Learning that are leveraged in this dissertation.

2.2.1 Markov Decision Processes

Markov Decision Processes (MDPs) [10] provide a mathematical framework
for modeling decision-making in situations where outcomes are partly random and
partly under the control of a decision-maker. The dynamics of the environment
can be modeled in the form of an MDP to equip the agent with decision-making
capabilities. Unlike classical planning paradigms, where given a start and an end
goal, the planner provides a plan for the agent, solving MDP results in a policy,
that contains a mapping from the current state to action. MDP is represented by

a tuple (S, A, T, R) where
e S is a set of states
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e A is a set of actions.

e T'(s,a,s") = P(s'|s,a), where in each state s € S, the agent takes an action
a € A and reaches a new state s, determined from the probability distribu-
tion P(s|s,a). If P(s|s,a) = {0,1} the system is said to be deterministic,
otherwise it is stochastic.

e R(s,a) is the immediate reward, the agent receives on reaching the new state

s

2.2.2 Partially Observable Markov Decision Processes

A generalized form of an MDP, where the assumption is that the world is par-
tially observable is termed a Partially Observable Markov Decision Processes (POMDP) [11].

A POMDP can be described as a tuple (S, A, T, R, 2, O), where,

e S, A, T, and R describe a MDP;
e () is a finite set of observations the agent can experience of its world;

e O: Sx A— II(Q) is the observation function, which gives, for each action
and resulting state, a probability distribution over possible observations,
where 0(s’, a,0) is the probability of making observation o given that the

agent took action a and landed in state s .

A POMDP is an MDP in which the agent is unable to observe the current

state, and it relies on observation based on the action and resulting state.

2.2.3 Supervised Learning

Supervised Learning (SL) is a machine learning paradigm that enables the

agent to learn a policy using a labeled dataset [12]. The labeled dataset contains
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a large set of features and their relative labels, which are used in the training
phase to learn a mapping from a particular state to an action.

Imitation Learning: Imitation Learning (IL) is a type of SL, where the agent
learns the policy by mimicking the demonstrations provided by an expert [13].
Typically, IL problems are represented in the form of an MDP, where the agent
observes the current state, and the action suggested by the expert, and tries to

learn a policy as close to the expert as possible.

2.2.4 Reinforcement Learning

In Reinforcement Learning (RL), an agent interacts with an environment F
by observing the current state and executing an action in discrete time steps [14].
Once an action is executed the state changes (the change can be either determin-
istic or stochastic), the agent receives a reward and the process repeats until the
agent reaches the terminal state.

We can formulate this as an MDP. The optimal value function Q*(s, a) provides

maximal values in all states and is determined by solving the Bellman equation:
Q*(s,a) = R(s,a) +~ Z P(s'|s,a) max Q*(s',d), (2.1)

where 0 < v < 1 is the discount factor. The optimal policy 7 is then as follows:
7(s) = argmaz,Q*(s,a). (2.2)

RL methods are categorized into two main classes: model-based and model-

free methods. One of the widely used model-free approaches is where the @)-values
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are updated for each state and action pair whenever they are visited. Due to this,
the agent needs to visit each state and action pair infinitely often for the value
function to converge.

One algorithm for solving this problem is Q-learning [15], which minimizes the
Bellman error of the Q function where optimal policy 7* is iteratively approxi-

mated by updating the estimated Q-values:

Q(s,a) < (1 = @)Q(s,a) + (R +ymaxQ(s', ') (2:3)

where « is the learning rate,and 1 < a > 0.
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3 Related Work

In this chapter, I provide a literature review of the different related existing
research including various human-robot communication modalities, applications
of learning in robotics, telepresence systems, and the rich literature on embodied

Al agent platforms.

3.1 Human-Robot Communication Modalities

When humans and robots work in proximity, there is a need for communication
to ensure the safety and efficiency of HRC. In this section, we first describe a few

communication modalities used in current human-robot systems (non-AR and AR)

3.1.1 Traditional Communication Modalities

Humans and robots prefer different communication modalities. While humans
employ natural language and gestures, the information in digital forms, such as
text-based commands, is more friendly to robots. Researchers have developed algo-
rithms to bridge the human-robot communication gap using natural language [16,
17, 18, 19] and vision [20, 21, 22]. Despite those successes, AR has its unique ad-
vantage of providing a communication medium with potentially less ambiguity and
higher bandwidth [2]. AR helps in elevating coordination through communicating

spatial information, e.g., through which door a robot is coming into a room and
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how (i.e., the planned trajectory), when people and robots share a physical envi-
ronment. Researchers are increasingly paying attention to AR-based human-robot
systems [23].

Projection-based Communication: One way of delivering spatial information

¢

related to the local environment, referred to as “projection-based AR,” is through
projecting the robot’s state and motion intention to the humans using visual
cues [24, 25, 26]. For instance, researchers used an LED projector attached to
the robot to show its planned motion trajectories, allowing the human partner to
respond to the robot’s plan to avoid possible collisions [27]. While projection-based
AR systems facilitate human-robot communication about spatial information, they
have the requirement that the human must be in close proximity to the robot.
Researchers have used 2D interfaces in the past where the communication usu-
ally takes place using graphical user interfaces [28, 29, 30]. Also, natural language
was used by a number of researchers for human-robot communication [19, 17].
Motion-based signaling of intention like gestures, including hand and facial has
also been used for communication in human-robot teams [31, 32, 33]. Moreover,
researchers studied how non-verbal social cues can improve task performance in
human-robot teams [34]. Haptics, another communication modality, is largely
based on physical interaction [35, 36, 37]. Even though all these modalities have
their unique benefits and provide a medium for human-robot communication, the

real world is 3D by nature, and these modalities are not strong in conveying spatial

information, which can be very useful for HRC in shared spaces.
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3.1.2 Augmented Reality Interfaces

AR has the capability of overlaying spatial information onto the real world and
helping a human counterpart visualize the robots’ internal state and intended plans
for effective HRC. Early applications of AR in robotics include a system called,
ARGOS, which enabled the human to track the robot’s status and also teleoperate

t [38]. Over the years, AR has been employed in different application scenarios
like education, medicinal surgeries, industrial training and safety, rehabilitation,
warchouses, etc [3]. Researchers have leveraged AR to enhance the students’
learning experience [39, 40]. In another line of research, Cheli et al., build a
framework that investigates how AR can catalyze students’ ability to understand
robot behavior [41]. Similarly, Zhang et al. [42] used AR paired with a Lego
robot to expose pre-college level students to the Q-learning reinforcement learning
algorithm and human-in-the-loop training.

The bounds of AR in education have expanded to more complex tasks like
industry training and guidance, where the employees can leverage AR to learn
to work with robots faster, and with an increase in safety [43, 44]. On the one
hand, Lai et al. designed a system to enhance worker’s performance [45] using AR
instructions, while on the other hand, AR was used to create a monitoring system
in assembly lines [46]. Moreover, researchers have utilized AR-based systems for
elevating human-robot collaboration in industry [47, 48, 49], and logistics [50].

Active investigations of the use cases of AR for robotic surgeries[51] are being
conducted in the field of medicine. AR has proved useful in training as well as
in assisting during surgeries [52, 53, 54, 55]. Researchers have designed AR-based

systems that can help in surgeries by leveraging hyper-accuracy three-dimensional
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reconstruction technologies [56]. The usefulness of AR in the field of medicine is
evident from the evolving literature [57, 58, 59, 60, 61, 62]. The increase in the
feasibility of using AR in medicine is the result of the new generation AR devices
that have significantly better accuracy and speed as opposed to their predecessor.

With the advancement of AR devices, AR-based human-robot interaction (HRI)
research has boomed. Researchers have enabled a human operator to interactively
plan, and optimize robot trajectories [63, 64]. More recently, researchers have de-
veloped frameworks that enable human operators to visualize the motion-level
intentions of robots using AR [65, 66, 67, 68, 69]. AR-based systems have also
been used to improve the teleoperation of collocated robots [66]. Recently, re-
searchers have studied how AR-based visualizations can help the shared control of
robotic systems [68]. Muhammad et al. created a system that enables the human
user to visualize the robot’s sensory information, and planned trajectories, while
allowing the robot to ask questions through an AR interface [70].

More recently, researchers have designed different visual guidance in AR, where
the humans can visualize the recommended actions from the robot (prescriptive
guidance), and also visualize the state space information (descriptive guidance) to
communicate why the robot recommends a particular action to the human [71].
One common limitation of those systems is their unidirectional communication,
i.e., their methods only convey the robot’s intentions to the human but do not
support the communication the other way around. Due to this setting, the human
teammate is expected to adapt by visualizing the robot’s status.

Researchers have enabled bi-directional communication in AR and have studied

how AR-based visualizations can help the shared control of robotic systems [68].
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Researchers have also designed a system that helps a human user to visualize the
robot’s sensory information, and planned trajectories, while allowing the robot
to ask questions through an AR interface [70]. In another line of research, Zhu
et al. augment the algorithms that control the robots to help understand the
relationship between the robot’s state and the environment [72]. Researchers have
also developed a prototype system with a shared AR workspace that enables a

shared perception [73].

Design of AR Interfaces: The research community working on AR for HRI
lacks a set of shared terminology and framework for characterizing aspects of AR
interfaces. A recent survey paper focuses on creating a common set of terms and
concepts with a novel taxonomic framework for different types of VAM-HRI inter-
faces [74]. The VAM-based visualizations are termed as virtual design elements
(VDEs) and are categorized to aid interface design. More recently, researchers
have created a set of salient VDEs for enhancing the human perception of the
robot’s capabilities [75]. Researchers have developed a dynamic AR path visual-
izer that projects the robot’s motion intent at varying lengths depending on the
the complexity of the upcoming path [76].

One of the main research areas that is gaining a lot of attention is view man-
agement for AR interfaces. There are known problems like visual cluttering due
to the augmentation of many virtual objects, visibility issues due to overlapping of
3D objects, label and annotation placements over 3D objects, etc. The arrange-
ment of objects in an AR interface can largely affect the understanding of the
augmented scene. Visual clutter is a problem associated with the arrangement of

objects, and can lead to degradation in task performance [77]. To overcome the
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problem of visual clutter, some researchers have opted for filtering techniques [78].
Other approaches include spatial rearrangement of labels to avoid overlapping and

to reduce visual clutter [79, 80, 81].

3.2 Learning in Robotics

Learning has been applied to different robotics domains to teach the robots
skills that were not possible before. In the following subsections, I will describe
the different applications of learning, both Imitation Learning and Reinforcement

Learning in robotics.

Imitation Learning in Robotics: The integration of Imitation Learning (IL)
with robotics has enabled the robots to learn a variety of tasks by observing expert
demonstrations [13]. One of the early applications of IL was to teach helicopters
to fly very challenging maneuvers through providing expert demonstrations [82].
In another line of work, IL. was used to enable a vehicle to mimic human driving
behaviors in outdoor terrains [83, 84]. Later on, researchers used IL to learn from
expert demonstrations in a simulated car driving domain [85]. A comprehensive
study has been carried out to showcase the use of IL in robotics [86]. Very recently,
researchers have used AR interfaces for constrained Learning from Demonstration

(LfD) to allow the agents to maintain, update, and adapt learned skills [87].

Reinforcement Learning in Robotics: The integration of Reinforcement Learn-
ing (RL) with robotics has enabled the robots to learn a variety of tasks by inter-
action with the environment [14, 88]. Reinforcement learning enables a robot to
autonomously discover an optimal behavior through trial-and-error interactions

with its environment. Learning to grasp a ball in RoboCup [89], robotic arm ob-
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ject grasping [90], and pouring liquid [91], are among the many tasks learned by
robots using RL. RL has been extended to learn optimal collaborative behaviors
in HRC. Researchers proposed an RL-based framework for human-robot collabo-
rative manipulation tasks [92]. The robot learned to reach and hold the table, and
keep the table horizontal during lifting it up with humans in a reasonable amount
of time. In another line of research, an RL-based variable admittance controller
is proposed for human-robot co-manipulation task [93]. Some researchers also
designed a multi-sensing framework for personalized HRC and Assistive Training

using RL [94].

Learning in AR: AR has also been leveraged for learning in robotics systems. In
one line of research, researchers designed a system for helping users give improved
trajectory demonstrations for a robotic arm using AR visualizations [95]. To
improve this system, AR-based counterfactual explanations from explainable Al
literature was used to generate ‘what-if ’ visualizations, allowing human operators
to reason about the validity of the model learned by the system [96]. In another
research, a system was designed for ensuring reproducibility when transferring a
demonstrated motion to a system by guiding the user during the demonstration,
preventing them from demonstrating non-reproducible motions [97]. An AR-based
tool was designed to improve sim2real reinforcement learning for robots by allowing
the user to visualize the robot’s training data in the context of the environment to
provide insights into ways to improve the robot’s training process [98]. In another
line, deep reinforcement and imitation learning were combined in an AR-based

system to improve adaptation to changing scenarios for robotic bin picking[99].
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3.3 Telepresence Systems

There is a rich literature on the research of mobile telepresence robots (MTRs).
Early systems include a telepresence system using a miniature car model [100], and
a telepresence robot for enabling remote mentoring, called Telementoring [101].
Those systems used monocular cameras that produce a narrow field of view over
remote environments. MTR systems were developed to use pan-tilt cameras to
perceive the remote environment [102, 28, 103], where the human operator needs
to control both the pan-tilt camera and the robot platform. To relieve the oper-
ator from the manual control of the camera, researchers leveraged head motion
to automatically control the motion of pan-tilt cameras using head-mounted dis-
plays [104, 105]. While such systems eliminated the need of controlling a pan-tilt
camera’s pose, they still suffered from the limited visual field.

To increase a robot’s field of view, researchers have equipped mobile robots
with multiple cameras [106, 107], and wide-angle cameras [108, 109]. Recently,
researchers have developed MTRs with 360° vision systems [110, 111]. Exam-
ples include the MTRs with 360° vision for redirected walking [112], and virtual
tours [113]. It should be noted that transmitting 360° visual data brings compu-
tational burden and bandwidth requirement to the robot [114, 115].

A rich literature exists regarding active vision within the computer vision and
robotics communities [116, 117, 118], where active vision methods enable an agent
to plan actions to acquire data from different viewpoints. For instance, recent
research has showcased that an end-to-end learning approach enables an agent
to learn motion policies for active visual recognition [119]. Researchers have also

designed a system that automatically controls a virtual camera to choose and
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display the portions of video inside the 360° video [120, 121].

3.4 Robotics Simulation Platforms

In this subsection, I will briefly provide an overview of the existing open-source
simulators for HRI research based on their functionalities. I focus on the rich
literature on embodied Al platforms, where the focus is to enable more natural
and intuitive interactions between humans and robots.

Advancement in robotics has led to the development of several robotic sim-
ulators. One of the earliest and most widely used simulators in the robotics
community is Gazebo [122], which supports a lot of robotic platforms and has
tight coupling with Robot Operating System (ROS) [123], again a middleware
well-known in robotics. The development of these simulators helps to eliminate
the difficulty of building robot agents and 3D environment models. Moreover, it
saves the cost of expensive robotic hardware and also saves the maintenance cost.
Finally, many of these simulators allow increasing the sim time to speed up the
robots, enabling them to run a large set of experiments as compared to the real
robots.

ThreeDWorld is another simulator that enables the simulation of high-fidelity
sensory data and physical interactions between mobile agents and objects in rich
3D environments, and also provides a medium for data collection in VR [124]. Very
recently, researchers have designed a user-centric embodied Al platform, called
Alexa Arena, that focuses on efficient data collection, and provides a web-based
user interface allowing real-time user communications and interactions via natural

language, and/or keyboard and mouse. The emergence of new realistic 3D datasets

23



of real environments like Matterport3D [125] and SUNCG [126] paved the way for
several photorealistic simulators like HoME [127], MINOS [128], Gibson [129].
Yan et al. designed a multi-room 3D house simulator while enabling the agent
to interact with objects and move between rooms [130]. VirtualHome is another
3D simulator that focuses on creating large video activity datasets for household
activities [131]. Another widely used embodied agent platform, called, AI2THOR
is a near-photorealistic simulator for indoor environments with interactive ob-
jects [132]. Furthermore, a simulation environment, called SAPIEN, was devel-
oped for robotic vision and interaction tasks [133]. For enabling agents to learn
in realistic environments, VRKitchen was developed that facilitates reinforcement
learning, learning from demonstrations for complex tasks in the kitchen environ-
ments [134]. A sophisticated 3D simulator, called Habitat 2.0 [135, 136], can create
digital twins of the real world which enables efficient experimentation involving em-
bodied Al agents rearranging richly interactive 3D environments. A cloud-based
VR platform, named SIGVerse, was developed to reduce the cost of developing
real robots and human-robot interaction experiments in the real world [137].
Very recently, there have been several simulators incorporating AR into the
simulation as a communication medium. A VR simulation system was developed
for service robots in an office environment for immersive interaction experience
between virtual robots and humans using interfaces based on AR, speech recog-
nition as well as gaze and body tracking technologies [138]. Haven [139] is yet
another simulator that focuses on HRI mediated by AR, where the human can
visualize the motion plan, as well as the robot’s internal status like remaining

battery power. Very recently, researchers have studied different VDEs for AR in a
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simulated environment to help the robot express its abilities in navigation, natural
language processing, and audio localization, to help the human better understand
the robot’s capabilities.

Finally, I present some additional dimensions to compare the existing literature

on the embodied Al agent platforms in Table 3.1.

Table 3.1: A summary of the existing simulation platforms for embodied Al agents
comparing the support for, 1)robotic middleware (ROS), 2, human-robot inter-
action, 3, multi-robot system, 4, task planning capabilities, 5, deployment on
AR/VR devices.

Robotic ~ HRI Multiple  Task ~ AR/VR

middleware robots  planning devices
HoME [127] X X X X X
VirtualHome [131] X X X X X
AI2THOR [132] X v v v v
MINOS [128] X X X X X
SAPIEN [133] v X X X X
SIGVERSE [137] v v X X X
iGibson [129] v X v X X
VRKitchen [134] X v X v v
Habitat 2.0 [135] X X X X X
CHALET [130] X X X X X
ThreeDWorld [124] X v v X 4
Alexa Arena [140] X v X v X
Haven [139] X v X X v
Reimagining RViz [75] X v X X v
MAARS (ours) v v v v v
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4 Employing AR for Bidirectional

Communication

In this chapter, I discuss my contribution to augmented reality-mediated bidi-
rectional communication for human-robot collaboration. The human teammate
can leverage the AR interface to see through obstacles to observe the robots’ cur-
rent states and intentions, and provide feedback, while the robots’ behaviors are
then adjusted toward human-multi-robot teamwork. This contribution falls under

the proximate communication type, where human and robots are collocated.

4.1 Introduction

Robots are increasingly present in everyday environments, such as warehouses,
hotels, and airports, but human-robot collaboration (HRC) is still a challenging
problem. As a consequence, for instance, the work zones for robots and people
in warehouses are separated [141]; and hotel delivery robots barely communicate
with people until the moment of delivery [142]. When people and robots work in
shared environments, it is vital that they communicate to collaborate with each
other to avoid conflicts, leverage complementary capabilities, and facilitate the
smooth accomplishment of tasks. In this chapter, we aim to enable people and
robot teams to efficiently and accurately communicate their current states and

intentions toward collaborative behaviors.
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AR technologies focus on visually overlaying information in an augmented layer
over the real environment to make the objects interactive [143]. AR has been ap-
plied to human-robot systems, where people can visualize the state of the robot in
a visually enhanced form [144]. Most existing research on AR-based human-robot
collaboration focuses on the visualization of robot status, and how people leverage
the augmented information to adapt to robot behaviors, resulting in unidirectional
communication [65, 24]. Another observation is that many of those methods from
the literature were limited to human-single-robot, in-proximity scenarios [49, 145].
In this chapter, we focus on human-multi-robot, beyond-proximity settings,
where the robots need to collaborate with each other and with people at the same
time, in indoor multi-room environments. Our developed algorithm (and system)
is called ARROCH, short for AR for robots collaborating with a human.

ARROCH supports bidirectional human-robot communication. On the one
hand, ARROCH enables human to visualize the robots’ current states, e.g., their
current locations, as well as their intentions (planned actions), e.g., to enter a
room. For instance, a human might see through an opaque door via AR to “X-
ray” a mobile robot waiting outside along with its planned motion trajectory.
On the other hand, leveraging a novel AR interface, ARROCH allows the human
to give feedback to the robots’ planned actions, say to temporarily forbid the
robots from entering an area. Accordingly, the robots can incorporate such human
feedback for replanning, avoiding conflicts, and constructing synergies at runtime.
ARROCH supports beyond-proximity communication by visually augmenting the
robots’ states and intentions, which is particularly useful in indoor multi-room

environments.
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(a) Visualization of robots’ (b) AR interface of (c) Robots waiting to
states and intentions ARROCH enter a room

Figure 4.1: The AR interface of ARROCH enables the human to visualize the
robots’ current states (their current locations in this example) using 3D robot
avatars, and their intentions (entering the room) using trajectory markers. AR-
ROCH also enables human to give feedback to robot plans. In this example, the
human can use the interactive buttons in the bottom corners to indicate he could
not help open the door in a particular time frame, say “4 minutes.”

ARROCH (algorithm and system), as the first contribution of this frame-
work, has been evaluated in simulation and using real robots. The robots help
people move objects, and the human helps the robots open doors (the robots do
not have an arm, and cannot open the doors). Results from the real-world experi-
ment suggest that ARROCH significantly improves the efficiency of human-robot
collaboration, compared with a standard non-AR baseline. The simulation plat-
form is constructed using Unity [146] for simulating the AR interface and human
behaviors, and using Gazebo [122] for simulating robot behaviors. To the best of
our knowledge, this is the first open-source simulation platform for simulating AR-
based human-multi-robot behaviors, which is the second contribution of this
research. In the simulation, ARROCH significantly improved human-robot team-
work efficiency in comparison to baseline methods with different communication

mechanisms.
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4.2 ARROCH Algorithm

In this section, we describe ARROCH (AR for robots collaborating with a
human), an algorithm and system that utilizes AR technologies to enable bidi-
rectional, multi-turn, beyond-proximity communication to enable collaborative
behaviors within human-multi-robot teams. Figure 4.1 shows our novel AR inter-
face, which enables the human to visualize the robots’ current states, and their
intentions (planned actions), while at the same time supporting the human to
give feedback to the robots. The robots can then use the feedback to adjust
their plans as necessary. Next, we describe the ARROCH algorithm, and then its

system implementation.

4.2.1 The ARROCH Algorithm

The input of Algorithm 1 includes, 8, a set of initial states of N robots, where
s; € 8 is the initial state of the i*" robot; G, a set of goal states, where g; € G
is a goal state of the " robot.! A multi-robot task planner, P!, and a motion
planner, P™ are also provided as input.

ARROCH starts by initializing: an empty list of robot configurations (in con-
figuration space, or C-Space), w, where each configuration is in the simple form of
(x,y,0) for our mobile robots, an empty list, Z, to store the intended trajectories
of the N robots in C-Space (N = |8]), and an empty list to store the activated
constraints, C.

In Line 2, ARROCH generates a set of N plans, P, using multi-robot task

Planner P'. Entering the while-loop (Lines 3-17), ARROCH runs until } © _p [p| >

1Strictly speaking, tasks are defined as goal conditions [147]. Here we directly take goal states
as input for simplification.
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Algorithm 1 ARROCH
Input: S, G, P!, P™
1: Initialize empty lists: w < 0; Z < 0; C < 0
2. P = PY8,G,C), where p € P is a task plan (an action sequence) for one
robot, and |P| = N > Task planner P! in Section 4.2.3
3: while > _p[p| > 0do
4 fori€[0,1,---,N-1] do
5 if p; is not empty then
6: a; < p;.front() > Obtain current robot action
7
8
9

Obtain i robot’s current configuration: w; «+ 6(2)
Update the " robot’s current state s; using w;
Ii <— Pm(wi, ai)

10: The " robot follows Z; using a controller

11: end if

12: end for

13: A V(w,I) > Visualizer V defined in Section 4.2.4

14: Collect feedback, H, from human, where the human gives feedback based
on task completion status and A

15: C <+ R(H) > Restrictor R defined in Section 4.2.2

16: P+ P(8,G6,C) > Update plans

17: end while

0 is false, meaning that all robots have an empty plan, i.e., all tasks have been
completed. In each iteration, ARROCH enters a for-loop for updating the current
configuration and the intended trajectories of the robots yet to reach their goal
states (Line 4-12). The @ function in Line 7 returns the configuration of the 7"
robot, which is stored at w;. In Line 9, P™ generates the intended trajectory
of the " robot, Z;, to implement action a;. After the for-loop, the set of robot
configurations and robots’ intended trajectories, are passed to Visualizer (Sec-
tion 4.2.4), represented by the V function, which renders a single frame, A, on the
AR interface (Line 13).

The AR interface of ARROCH allows the human to give feedback on (the AR-
based visualization of) the robots’ plans. ARROCH obtains the human feedback,
H (Line 14), and then passes it on to Restrictor (Line 15). Restrictor generates

a set of activated constraints in logical form, C, that can be processed by Planner
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Figure 4.2: Key components of our ARROCH algorithm and system: Visualizer
and Restrictor for visualizing robots’ intention (for people) and collecting human
feedback (for robots) respectively, and Planner for computing one action sequence
for each robot.

in Line 16 (details in Sections 4.2.2 and 4.2.3).

Remarks: Leveraging a novel AR interface, ARROCH enables bidirectional,
multi-turn, beyond-proximity communication toward collaborative behaviors within
human-multi-robot teams. ARROCH is particularly useful in domains with poor
visibility, e.g., multi-room indoor environments. The multi-robot task replanning
capability enables the robots to collaborate with each other, while responding to
human feedback by adjusting their task completion strategies.

Figure 4.2 shows an overview of ARROCH. In the following subsections, we
describe how Restrictor converts human feedback into symbolic constraints, how
Planner incorporates the constraints to plan for the robots, and how the robots’
current and planned actions are visualized in Visualizer — all within our AR-

ROCH system.

4.2.2 Restrictor for Constraint Generation

ARROCH realizes human-multi-robot collaboration by adding human-specified
symbolic constraints into the multi-robot task planner. Within the task planning

context, a Constraint is in the form of modal-logic expressions, which should
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be true for the state-trajectory produced during the execution of a plan [148].
However, naive people have difficulties in directly encoding constraints in logical
forms. ARROCH leverages the graphical user interface (GUI) of AR to take
human feedback, with which Restrictor generates logical constraints. We use
Answer Set Programming (ASP) for encoding constraints [5, 149]. A constraint

in ASP is technically a STRIPS-style “headless” rule:
:— B.

where B is a conjunction of literals. It conveys the intuition of a constraint:
satisfying B results in a contradiction. There is a rich literature on ASP-based
logic programming that provides more technical details [150, 4].

We predefine a constraint library F', which is presented to people through the
AR-based GUI. The human can select constraints H C F to give feedback on
the robots’ plans (Line 14 in Algorithm 1). The form of human feedback can be
flexible and task-dependent. For instance, in tasks that involve navigation, the
human can forbid the robots from entering area A in step I using the following

constraint,
:— in(A,I), area(A), step(I).

and in collaborative assembly tasks, the human can reserve a tool for a period of
time. ARROCH uses Restrictor R to convert H into a set of constraints, C, which
is the logical form of human feedback. Next, we describe how C (from human) is

incorporated into multi-robot task planning.
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4.2.3 Multi-Robot Task Planner

In this subsection, we focus on the multi-robot task planner, P* (referred to as
Planner), that computes one task plan for each robot from the team of robots,
while also considering the human feedback (Lines 2 and 16 in Algorithm 1). The
input of P! include, a set of robot initial states, 8; a set of robot goal states, G;
and a set of constrained resources, C.

Jointly planning for multiple agents to compute the optimal solution is NP-
hard [151]. We adapt an iterative inter-dependent planning (IIDP) approach to
compute joint plans for multiple robots [152]. IIDP starts with independently
computing one plan for each robot toward completing their non-transferable tasks.
After that, in each iteration, IIDP computes an optimal plan for a robot under
the condition of other robots’ current plans (i.e., this planning process depends
on existing plans). While IIDP does not guarantee global optimality, it produces
desirable trade-offs between plan quality and computational efficiency.

In the implementation of ARROCH, we use ASP to encode the action knowl-
edge (for each robot) that includes the description of five actions: approach,

opendoor, gothrough, load, and unload. For instance,

open(D,I+1) :- opendoor(D,I),

door (D), step(I).

states that executing action opendoor (D,I) causes door D to be open at the next
step. The following states that a robot cannot execute the opendoor (D) action,
if it is not facing door D at step I. Such constraints are provided by Restrictor, as

described in Section 4.2.2.
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:— opendoor(D,I), not facing(D,I).

The output of P! is P, a set of task plans (one for each robot). For instance,

p; € P can be in the form of:

load(0,0). approach(D,1). opendoor(D,2).

gothrough(D,3). unload(0,4).

suggesting the i*® robot to pick up object 0, approach door D, enter a room through
D, and drop off the object. Next, we describe how ARROCH handles the visualiza-

tion of robots’ current states and their planned actions through an AR interface.

4.2.4 AR Visualizer

ARROCH uses an AR interface to bridge the communication gap in human-
multi-robot teams, where Visualizer V in Line 13 of Algorithm 1 plays a key role.
The input of V includes the robots’ current configurations in C-Space, w, and
their intended motion trajectories, Z. The output of V' are spatially visualizable
3D objects which are augmented over the real world. To accurately overlay virtual
objects over the real world, AR devices need to localize itself in 3D environments.
ARROCH assumes the availability of a set of landmark objects with known 3D
poses (position and orientation). Using visual localization, ARROCH computes
the pose of the AR device, and then accordingly augments visual information
over the mobile device. We use a tablet for AR, though ARROCH is compatible
with other mobile devices, e.g., head-mounted displays. Figure 4.1 (b) presents
an example of the illustrative visualization.

In this section, we describe the ARROCH algorithm and system, the first

contribution of this framework. Next, we delineate a novel simulation platform
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(a) Gazebo: office (b) Unity: office

(¢) Gazebo: robots (d) Unity: robots

(e) Unity: AR (3rd person POV) (f) Unity: AR (1st person POV)
Figure 4.3: (a),(c), Gazebo environment for simulating multi-robot behaviors;
(b),(d), Unity environment for simulating human behaviors and her AR-based
interactions with the robots; and (e)-(f), Simulated AR interface.

(our second contribution of this framework) for prototyping and evaluating

AR-based human-multi-robot collaboration algorithms.

SUGAR2: Simulation with Unity and Gazebo for Augmented Reality
and Robots: Our simulation platform has been open-sourced under the name
of SUGAR2.? SUGAR?2 is built on Gazebo [122] for simulating robot behav-

iors, and Unity [146] for simulating human behaviors and AR-based interactions.

Zhttps://github.com/kchanda2/SUGAR2
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Figure 4.3 shows the Gazebo and Unity environments, including a simulated AR
interface. Gazebo does not support the simulation of AR-based interactions, and

Unity is weak in simulating robot behaviors, which motivated the development of

SUGAR2.

4.3 Experiments

We have conducted experiments in simulation and using real robots. We aim to
evaluate two hypotheses: I) ARROCH improves the overall efficiency in human-
multi-robot team task completion, determined by the slowest agent of a team, in
comparison to AR-based methods that do not support bidirectional human-robot
communication; and IT) ARROCH produces better experience for non-professional
users in human-multi-robot collaboration tasks in comparison to non-AR meth-
ods. Hypothesis-I was evaluated in simulation and using real robots, whereas
Hypothesis-II was only evaluated based on questionnaires from real human-robot
teams.

In both simulation and real-world environments, a human-multi-robot team
works on collaborative delivery tasks. The robots help people move objects
from different places into a storage room, while the human helps the robots open a
door that the robots cannot open by themselves. At the same time, the human has
her own dummy task (solving Jigsaw puzzles). Tasks are non-transferable within
the human-multi-robot team. The tasks and experiment settings are shared by

simulation and real-world experiments.

36



—m— No-comm No-feedback ®- ARROCH

nl2 1.8k
S @
S10 - 5 — " 21.6k .\.//'
o =
£ 38 %1.4k
o ° o o
8 6 ° £1.2k o
— ©
o ] ®
8 4 e =1k

2 3 4 3 4

Number of robots Number of robots
(a) (b)

Figure 4.4: With different numbers of robots, ARROCH enables the human-robot
team to: (a) reduce the human’s workload, measured by the number of door-
opening actions, and (b) improve the task-completion efficiency, at the same time.
The total delivery workload (the number of objects to be delivered) is proportion-
ally increased when the number of robots increases.

4.3.1 Simulation Experiments

We use the SUGAR2 environment (Section 4.2.4) to simulate human and robot
behaviors, and their AR-based interactions. ARROCH has been compared with

two baselines:

e No-feedback: It is the same as ARROCH, except that Lines 14-15 in Al-
gorithm 1 are deactivated. As a result, the human can see the robots’ current

states and planned actions, but cannot provide feedback to the robots.

e No-comm: [t is the same as No-feedback, except that Line 13 is deacti-

vated. As a result, AR-based communication is completely disabled.

Three types of human behaviors are simulated in SUGAR2. alf, Work on
her own task (simplified as sitting still in Unity); aff, Help robots open the door;
and ail (N), Indicate unavailability in the next N minutes.

When the AR-based visualization is activated (ARROCH and No-feedback),
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Figure 4.5: With different door-opening probabilities (the lower it is, the lazier the
human is), ARROCH enables the team to: (a) reduce the number of door-opening
actions, and (b) improve the task-completion efficiency, as long as the human is
reasonably cooperative (i.e., willing to help the robots in > 0.1 probability).

the human’s door-opening behavior is independently triggered by each waiting
robot, meaning that the human is more likely to open the door when more robots
are waiting for the human to open the door. For No-comm, in every minute,
there is a probability (0.6 in our case) that the human goes to open the door.
To realistically simulate human behaviors, we added noise (Gaussian) into the
human’s task completion time. Before the human completes her task, we randomly
sample time intervals during which the human will be completely focusing on her
own task. At the beginning of such intervals, there is a 0.9 probability that the
H

human takes action as' (IV), i.e., indicating this “no interruption” time length to

the robots in ARROCH.

Different Number of Robots: Figure 4.4 presents the results of simulation
experiments, where we varied the number of robots in the human-multi-robot
team. Each robot’s workload is fixed. In our case, each robot needs to deliver
three objects. Figure 4.4 (a) shows that ARROCH produced the lowest number of

door-opening actions which directly reduces the human’s workload. Figure 4.4 (b)
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Figure 4.6: (a) ARROCH performed better than a traditional non-AR baseline
(Rviz-based) in individual task completion time; and, (b) ARROCH performed
better, c.f., non-AR, in team task completion time.

shows that ARROCH produced the best performance in the human-multi-robot
team’s task-completion time, which is determined by the slowest agent. The results

support that Hypothesis-I is valid in teams of different sizes.

Human Laziness: Figure 4.5 shows the results of an experiment, where we
evaluated ARROCH’s performance under different human behaviors. We var-
ied the human’s laziness level which is inversely proportional to the probability
that the human opens the door after she sees (through AR) a robot waiting out-
side. From the results, we see that ARROCH significantly reduced the number
of door-opening actions (Left subfigure), while producing the best performance in
task completion efficiency (Right subfigure), except for situations where the “door
opening probability” is very low, meaning that the human is very lazy. This obser-
vation makes sense, because ARROCH only encourages lazy people to help robots
(so does No-feedback) because the door opening behavior is triggered based on
the number of visualized robots. On the other hand, “No-comm” forces people to
open the door after every minute. The results support that Hypothesis-I is valid

as long as the human is reasonably cooperative.

39



(a) Human participant (b) Non-AR baseline

Figure 4.7: (a) A human participant playing the Jigsaw game alongside our AR
interface running on a tablet, while helping the robots open the yellow door, where
simulation environment shown in Figure 4.3(b) was constructed accordingly; and
(b) The Rviz-based interface (non-AR baseline) showing the three robots’ current
locations and planned trajectories.

4.3.2 Real-world Experiments

We have conducted experiments with human participants collaborating with
multiple robots in the real world. The tasks to the human-robot team are the
same as those in simulation: robots work on delivery tasks, and the human plays
Jigsaw puzzles while helping robots through door-opening actions. The puzzles
at the same difficulty level were randomly generated in each trial to avoid the
participants’ learning behaviors. We selected the Jigsaw game due to its similarity
to assembly tasks in the manufacturing industry. The real-world setup is shown
in Figure 4.7(a). We compared ARROCH to a standard non-AR baseline, where
the human uses a Rviz-based interface to visualize the robots’ current states and

planned actions, as shown in Figure 4.7(b).?

Participants: Eleven participants of ages 20-30, all students from Binghamton
University (BU), volunteered to participate in the experiment, including four fe-

males and seven males. Each participant conducted two trials using both the

3http://wiki.ros.org/rviz
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Rviz-based baseline, and ARROCH — randomly ordered. None of the participants
had any robotics background. There was no training performed on ARROCH
or the baseline prior to the trials. The experiments were approved by the BU

Institutional Review Board (IRB).

Task Completion Time: Figure 4.6(a) shows individual task completion times
produced by ARROCH and the non-AR baseline. The x and y axes correspond
to the human’s task completion time, and the total of the individual robots’ task
completion times. The two ellipses show the 2D standard deviations. Results
support Hypothesis-I which states ARROCH improves the human-robot team’s
task completion efficiency. To analyze the statistical significance, we sum up the
team agents’ individual completion times (both human and robots), and found
that ARROCH performed significantly better than the non-AR baseline, with
0.01 < p-value< 0.05.

We also looked into the team task completion time, which is determined by the
time of the slowest agent (human or robot). Figure 4.6(b) shows the histogram,
where the observation is consistent with that of individual task completion time.
For instance, in most trials of ARROCH, the teams used < 950 seconds, whereas,
in most trials of non-AR, the teams could not complete the tasks within the same
time frame. We observed that the participants, who did not have a robotics
background, frequently experienced difficulties in understanding the visualization
provided by the Rviz-based interface, including the map and robot trajectories.
More importantly, ARROCH allows the participants to focus on their own tasks
by indicating their unavailability, which is particularly useful in the early phase,

whereas Rviz-based communication is unidirectional.
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Figure 4.8: ARROCH produces a better user experience based on results collected
from user questionnaires.

Questionnaires: At the end of each trial, participants were asked to fill out
a survey form indicating their qualitative opinion on the following items. The
response choices were: 1 (Strongly disagree), 2 (Somewhat disagree), 3 (Neutral),
4 (Somewhat agree), and 5 (Strongly agree). The questions include: Q1, The
tasks were easy to understand; Q2, It was easy to keep track of robot status;
Q3, I could focus on my task with minimal distraction from robot; Q4, The task
was not mentally demanding (e.g., remembering, deciding, and thinking); and
Qb, I enjoyed working with the robot and would like to use such a system in the
future. Among the questions, Q1 is a verification question to evaluate if the
participants understood the tasks, and is not directly relevant to the evaluation
of our hypotheses.

Figure 4.8 shows the average scores from the questionnaires. Results show
that ARROCH produced higher scores on Questions Q2-Q5, where we observed
significant improvements in scores in 2, Q3, and Q5 with the p-values <
0.001. The significant improvements support Hypothesis-II on user experience:

ARROCH helps keep track of the robot’s status, is less distracting, and is more
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user-friendly. The improvement in Q4 was not significant, and one possible reason
is that making quantitative comparisons over the “mentally demanding” level can

be difficult for the participants.

4.4 Summary

Leveraging AR technologies, we introduce AR for robots collaborating with
a human (ARROCH), a novel algorithm and system that enables bidirectional,
multi-turn, beyond-proximity communication to facilitate collaborative behaviors
within human-multi-robot teams. ARROCH enables the human to visualize the
robots’ current states and their intentions (planned actions), while supporting
feedback to the robots. The human feedback is then taken by the robots toward
human-robot collaboration. Experiments with human participants showed that
ARROCH performed better than a traditional non-AR approach, while simulation
experiments highlighted the importance of ARROCH’s bidirectional communica-

tion mechanism.
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5 Learning Visualization Policies from

Demonstrations

In this chapter, I discuss my contribution to employing imitation learning
to learn a visualization policy for the Augmented Reality agent. I describe the
framework we develop, called VARIL, that enables AR agents to learn visualization
policies (what to visualize, when, and how) from demonstrations. This is another
contribution which falls under the proximate communication type, where human

and robots are collocated.

5.1 Introduction

Robots are increasingly being used in industrial environments, such as manu-
facturing and warehouses, where the workspaces of people and robots are usually
isolated from each other. Human-robot collaboration (HRC) opens up a
plethora of opportunities where people and robots could complement their capa-
bilities. Hence, robots are entering human-inhabited environments to work with
humans. Humans and robots prefer different communication modalities. While
humans are used to natural language and gestures in communication, robots ex-
change information in digital forms, such as text-based commands, resulting in a
communication gap in HRC. Researchers have developed algorithms and systems

to bridge this communication gap using natural language [153, 18, 16, 154, 19|
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and vision [20, 21, 22]. AR has been employed for HRC to provide an alternative
communication mechanism with high bandwidth and low ambiguity [155].

AR is a technology that (1) combines real and virtual objects in a real environ-
ment; (2) runs interactively, and in real-time; and (3) registers (aligns) real and
virtual objects with each other [143]. Such composite views can enhance human
perception of the real world, and also result in an interactive experience of the
environment. Many researchers are working on uncovering the benefits of AR in
HRC [3, 155]. For instance, researchers have developed AR systems that allow
humans to visualize the state of the robots [70], as well as the robot intentions [24,
27]. Existing AR-based HRC systems employ a static visualization policy where
the visualizations are always displayed to the user. The handcrafted static poli-
cies might suggest different visualization strategies, but those systems are not able
to take important runtime factors into account (e.g., the number of robots, the
current status of robots, the future intentions of robots, and the current status of
human) to adapt the visualizations. The consequence is that those AR interfaces
can alter people’s attentional focus and result in inattentional blindness [156], if
there is visual clutter caused by too many unwanted visualizations. Such con-
cerns motivate our research on enabling our AR agent to learn a policy for dy-
namically selecting visualization actions given the state of the human-multi-robot
system [157].

We design a framework called, Visualizations for Augmented Reality
using Imitation Learning (VARIL), for human-multi-robot collaboration in
a shared environment. VARIL allows human to track the status of a team of

robots using an AR interface. In addition, VARIL learns the AR visualization
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Figure 5.1: Different AR visualization strategies in a virtual warehouse environ-
ment, where a virtual human works with a team of mobile robots on collaborative
delivery tasks. (a) No AR visualization, where the human worker does not know
where some robots are, and what the robots plan to do. (b) Full AR visualization,
where the human worker can be overwhelmed by the visual indicators. (c¢) Our
learned AR visualization, where the AR agent uses a learned policy to dynami-
cally determine a visualization strategy based on the current world state of both
human and robots. (d) Third-person view of the human working alongside robots
in the warehouse environment.

policies using Imitation Learning (IL) [158] that dynamically selects AR vi-
sualization actions for human-multi-robot teams. To the best of our knowledge,
this is the first work that employs learning to design visualization strategies of AR
for human-multi-robot collaboration. In particular, we train decentralized visu-
alization policies in a centralized fashion [159]. While training, all the states are
extracted from the agents in a centralized manner, and a new policy is generated
by aggregating all the states, similar to learning in a single-agent environment.
The new policy learned on the aggregated dataset is then deployed to the agents

in a decentralized manner, where the agents query the actions from the joint policy,

by using only the current agent’s state information.
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We empirically evaluated our VARIL framework in a warehouse domain [160,
161], where both the human and the team of robots are engaged in a collabo-
rative delivery task. Figure 5.1 shows our warehouse environment where twelve
turtlebots collaborate with a human. Both the human and robots are assigned
nontransferable tasks, where the robots are tasked with delivering objects to dif-
ferent locations (drop stations) and the human helps unload the objects from the
robots waiting at drop stations. We collected a dataset of 6000 state-action pairs
using the feedback provided by the “expert demonstrator”. We have trained the
AR agent in the simulated warehouse environment with this dataset using an it-
erative IL algorithm [162]. The learned AR visualization policies were compared
with the static AR policy for human multi-robot teams from the literature [163,
164], and the results suggest that the conflicts between the expert actions and
the VARIL policies drastically decrease with the increase in the number of policy
iterations. Additionally, we compared the total robot wait times for the interme-
diate policies of VARIL, and observed a significant decrease in the robot wait time
between the initial and the learned AR visualization policies of VARIL.

While we observed significant improvements in the human-robot collaboration
efficiency in pure simulation, we decided to evaluate how VARIL influenced the
user experience. We have evaluated VARIL with 25 participants where every
participant operated a virtual human in the warehouse environment. Every par-
ticipant was asked to fill out a survey questionnaire that was used for subjective
evaluations. Based on the participants’ responses, we observed that our learned
visualization strategy significantly reduced the distraction caused by extraneous

visualizations. In addition to the qualitative evaluation, we also compared the
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Figure 5.2: Overview of our VARIL framework that enables the human-multi-
robot teams to collaborate in a shared environment. VARIL allows human to track
the status of a team of robots using an AR interface. Under the hood, VARIL
supports learning an AR visualization policy using expert demonstrations, where
the learned policy dynamically selects the actions for the AR agent.

task completion times during the human study. The results show significant im-
provement in the efficiency of human-multi-robot teams in task completion as
compared to two competitive baselines from the AR-for-HRC literature [65, 163].
Finally, we present a demonstration of a human worker collaborating with three
mobile robots with AR-mediated communication in a built-in-lab mock warehouse

environment.

5.2 Framework

In this section, we describe our framework called Visualizations for Aug-
mented Reality using Imitation Learning (VARIL), and how it enables
human-multi-robot teams to collaborate together in a shared environment. VARIL
allows human to track the status of a team of robots using an AR interface.
Moreover, VARIL supports learning a decentralized AR visualization policy in
a centralized fashion using expert demonstrations, where the AR agent uses the

learned policy to dynamically select a visualization action based on the state of
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the human-multi-robot teams.! Figure 5.2 showcases the VARIL framework, and
the interplay between the different components of VARIL.

Consider a team of robots working with a human worker in a shared space.
The team of robots constantly shares their state and plans using the AR interface,
which is used by the human worker to track the status of the team of robots. The
human worker simultaneously collaborates with a team of robots to complete the
tasks. VARIL also consists of a human expert that gives demonstrations of AR
visualizations at runtime, indicating what information should be visualized (or
not) at specific times. Once a new policy is generated, the AR agent updates the
visualizations to mimic the actions suggested by the expert demonstrator. There
are two different human entities in VARIL, one for the role of the human worker,
and the other is a human expert (Figure 5.2). Note that the expert is involved
only during the policy learning phase, and once a satisfactory policy is learned,

the expert demonstrator is no longer needed.

5.2.1 VARIL Algorithm

We design a human-multi-robot collaboration system using VARIL (Algo-
rithm 2) that enables humans to work with a team of robots while using an AR
interface to track the status of the robot teammates. The inputs to the algorithm

are as follows:

e P!: Task pool for the robots

e N: Number of robots

e P™: Motion planner

LOur “centralized training, decentralized execution” idea was inspired by recent multiagent
reinforcement learning research [159], while it is applied to an IL domain in this work.

49



Algorithm 2 VARIL
Require: P!, 7% P™, N, qlatest
1: Initialize Wl“t“t to show all visualizations
2: Initialize empty lists: w < 0; Z < ()
3: Initialize S® < 0, and H to null, where S® is the state of N robots, and H
is the state of the human worker
4: T =T*P' N), where t € T is a task assigned to one robot, and |[T|=N
More details on 7® in supplementary materials.

5: while P! is not empty do > Tasks still exist in task pool
6: for i €[0,1,--- ,N-1] do

7: if ¢; is not complete then

8: Obtain " robot’s configuration: w; « (i)

9: Iz < Pm(wi, tl)

10: The i*" robot follows Z; using a controller

11: else

12: Update t; using 7

13: end if

14: end for

15: A+ V(w, I, rlatest) > More details on V in supplementary materials.
16: S® < obtain all robots current state

17: ‘H < obtain current human worker state

18: slatest « PolicyUp(S®, H) > Update visualization policy

19: end while

e 7% Multi-robot task allocator that assigns tasks at runtime

Now, we describe in detail how our VARIL algorithm works. In Line 1, VARIL
initializes 7'*¢st to enable all the visualizations. Here visualizations represent
all the 3D objects that are rendered in the AR interface to visualize the status
of the team of robots. The intuition behind enabling all the visualizations is to
enable the expert to easily identify different types of available visualizations. > The
expert demonstrator can provide feedback on which visualizations are helpful, and
which ones need to be turned on/off based on the observed state of the human-

multi-robot system.

In Line 4, VARIL uses the multi-robot task allocator (7%) to allocate tasks

2This is to give the human expert full observability over the robots’ current states and plans.
If we had turned off the AR visualizations, there would be the issues, such as the human expert
could not locate the robots obscured by other objects.
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(T) for N robots, where T, is the task of the r®* robot. Then, VARIL enters
the main while-loop in Line 5 that runs until all the tasks from the task pool are
completed. Inside the while-loop, VARIL enters a for-loop that runs for N times,
once for each robot. At every iteration i of the for-loop, VARIL first checks if the
robot has completed the current task or not (Line 7). If the task is not completed,
VARIL first obtains the current robot configuration (w;). Then, VARIL uses P™
to generate the intended trajectory of the i robot, Z;. Once, the current task is
complete, the robot obtains its new task using 7.

After the for-loop, in Line 15, the set of robot configurations, robots’ intended
trajectories, and the latest visualization policy is passed to the AR agent that
renders the visualizations using the AR interface. In Lines 16 and 17, VARIL
obtains the current state of all robots (S%), and the current state of the human
worker (H). Finally, VARIL calls the PolicyUp function that updates the global
policy 7't This enables VARIL’s AR agent to update the visualizations based

wlatest in the next iteration. In the next subsection, we explain how the PolicyUp

on
function updates the visualization policy using IL based on the state of the human-

multi-robot system and the expert demonstrations.

5.2.2 AR Policy Learning: PolicyUp

The input of Algorithm 3 includes, S, which is the state of robots; H, the
state of the human worker; A, a set of agents for which the visualization is being
learned; J, the number of iterations for updating the policy; a dataset, D, that
stores the pairs of visited states and their corresponding actions suggested by the
expert; and, 7%t that stores the latest visualization policy learned in D.

PolicyUp enters the main for-loop in Line 1 that runs for J times. The value
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Algorithm 3 PolicyUp(S®,H)
Require: J, A, D, rlatest

1: for j=0to J -1do

2: for each agent a in A do

3: i «— latest > Latest visualization policy is used in the current
iteration.

4: Let m; = g;m* + (1 - B;)7;

5: Sample T-step trajectories using 7;

6: Obtain expert feedback f on the observed states

7: Update visualization for agent o based on 7;

8: Get dataset D = state of human-multi-robot system (SR, H), and

expert suggested feedback (actions)

9: end for

10: Aggregate datasets: D < D | D;“ > Combine individual datasets from all
agents as one dataset

11: Train classifier 7,1, on D > Common updated policy generated for all
agents

12: Update 7" with 7, > Global policy is updated for visualization

13: end for

14: return fletest

of J can be customized based on the complexity of the state space of the AR
agent. In each iteration, VARIL enters another for-loop in Line 2 that runs once
for each agent, o, where a € A. Inside the inner for-loop, PolicyUp first gets a
policy 7; based on a decision rule, which decides if the expert policy or the novice
policy will be used for the current iteration. The decision rule uses the value of
[ that decays over the iterations, and at the beginning, the value of g = 1, and
hence expert policy actions are preferred over novice policy actions. As the value
of 7 becomes closer to J, the value of § becomes closer to 0. Intuitively this
makes sense because at the beginning the novice policy is not mature enough and
can lead to many mistakes, and hence the expert policy is used at the beginning.
Then using the policy 7;, VARIL samples T-step trajectories in Line 5. During
this phase, the visualizations are constantly updated for every agent o based on

the current policy m; (Line 7). Finally, for every agent, VARIL stores the visited
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states as well as the suggested actions by the expert in Dj', where j represents the
5t iteration of the algorithm.

After completion of one iteration of the inner for-loop, the algorithm reaches
Line 10 for data aggregation. Here, VARIL combines all the datasets stored in the
current iteration (D#!) with the dataset from the previous iteration (D). Note that
even though the datasets were obtained from different agents, the data aggregation
step considers them as they were obtained from a single agent. Such abstraction
of data allows the algorithm to generate a comprehensive dataset based on the
experiences of all the agents, and also enables VARIL to train the visualization
policies in a centralized manner with fully decentralized execution. Once
the dataset is aggregated, VARIL trains a classifier 74, on D in Line 11. The

~latest

global policy 7 is updated with the newly generated policy, which is then used

by all the agents in the next iteration of the algorithm.

5.3 System Instantiation

In this section, we describe our implementation of the VARIL framework in a
simulated warehouse environment (Figure 5.3). A key part of VARIL is an AR
agent that learns to help a human worker visualize the status of a multi-robot

team toward effective human-robot collaboration.

5.3.1 Warehouse Environment

We developed a platform for simulating warehouse environments using Unity [146],
where human-robot teammates work together to complete delivery tasks. Fig-
ure 5.3 shows the simulated warehouse environment. The warehouse environment

comprises of the following components:
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e A warehouse room e Shelves with boxes o A virtual human

e Drop stations e Turtlebot robots

The robots and human work together in the shared warehouse room to com-
plete collaborative delivery tasks. The robots move to different shelves to pick up
boxes based on their tasks. After picking up the boxes, the robots move to the
drop stations to deliver the objects and wait there until they get help from the
human to unload the box.

We have created a virtual human in Unity that can be teleoperated by a real
human to collaborate with the robots. While the robots are waiting at the drop
station, the virtual human can be moved to a drop station to help the robots
unload the objects. For simplicity, when the virtual human is in a radius of one
meter from the robot waiting at the drop station, the robot automatically drops
the box.

Additionally, our warehouse environment can be dynamically scaled by chang-
ing the parameters based on the desired complexity of the environment. Figure 5.3
shows an example of the two different scales of the warehouse environments. With
the ability to choose the size of the environment, we can vary the complexity of

the human-robot tasks.

Multi-robot Task Allocator (7%): We designed a multi-robot task allocator
that assigns tasks to the team of robots at runtime. To allocate the tasks, T¢
uses a task pool (P?) that contains all the tasks available for the robots. We use a
random seed to initialize a pseudo-random number generator that is used to select

the index of the task to be allocated to a particular robot.
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Figure 5.3: (a) A miniature version of the warehouse environment with 18 shelves
and 6 Turtlebot robots. (b) A larger version of the warehouse environment with
225 shelves and 15 Turtlebot robots.

Motion Planner (P™): We use Unity NavMesh (short for Navigation Mesh) [165]
for robot navigation and obstacle avoidance. We first generate a NavMesh, which
is a data structure to describe the navigable surfaces of the environment, and
allows the robot to find a path from one navigable location to another in the
environment. Every robot is considered a NavMesh agent in Unity, and every
NavMesh agent can avoid each other while moving towards their goal. All the
agents in Unity reason about the environment using the NavMesh, and they know

how to avoid each other as well as moving obstacles.

5.3.2 AR Agent for the AR Interface

In our instantiation of the VARIL system, we used four different types of
visualizations in the AR interface to enable the human to track the robots’ status

in the warehouse environment. The different visualizations are as follows:

e Trajectory shows the motion intentions of the robot. Additionally, the
width of the trajectory increases with the distance of the goal from that point
on the trajectory. Due to the presence of multiple robots in the environment,
the trajectories of different robots are overlaid using different colors so that

the human can distinctly identify different robot plans.
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e Solid Avatar shows the live location of the robot. As the robot moves

toward the goal location, the position of the solid avatar is updated accord-

ingly.

e Transparent Robot Avatar shows the direction of the motion of the robot

by moving the avatar constantly over the trajectory.

e Floating Balloon enables the human to locate the drop station from a long

distance.

5.3.3 State-Action Space of AR Agent

We learn a visualization strategy for two types of visualizations, one for the
visualization of robots, and the other for the visualization of the drop station. The

state-space of our AR agent for the robot consists of the following:

humanState: {close, moderate, far}

e robotTaskState: {picking, dropping}

e robotRemainingTasks: {few, many}

e robotWaitingTime: {short, medium, long}

e nearbyRobots: {few, many}

e nearbyRobotVizStatus: {few, many}

The above state representation consists of all the key states that represent the
entire human-multi-robot system from each agent’s perspective. The action space
of the AR agent depends on the number of different visualizations. In our case for

robots, we have three different visualizations, which are:
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e liveLocation: {on, off}

e transparentAvatar: {on, off}

e trajectory: {on, off}

where each of them can be turned on or off. The state-space of our AR agent

for each drop station consists of the following:

e humanState: {close, moderate, far}

e robotsWaitingTimeDS: {short, medium, long}

e nRobotsAtDropStation: {few, many}

The action space for each drop station consists of enabling or disabling the

balloon on the drop station, hence it is represented as follows:

e balloon: {on, off}

The above state and action space represent our implementation of the AR
agent, and we use the PolicyUp function (Algorithm 3), which is a part of the
VARIL framework to learn a visualization policy for human-multi-robot teams.

The next section provides details on the experiments conducted to evaluate

VARIL in the human-multi-robot collaboration scenario.

5.4 Experiments

We conducted experiments in a simulated warehouse environment that we de-

veloped using Unity. With the experiments, we aim to evaluate two hypotheses:
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[) VARIL improves the overall efficiency in human-multi-robot team task com-
pletion, determined by the slowest agent of a team, in comparison to other AR-
based methods from the literature that employ static visualization policies; and
IT) VARIL provides a better user experience for humans in human-multi-robot col-
laboration tasks compared to competitive AR-based methods from the literature.
We have evaluated both Hypothesis-I and Hypothesis-II with human participants
collaborating with multiple robots in the simulated warehouse environment.

Participants: Twenty-five participants of ages 20-30, participated in the exper-
iment, including six females and nineteen males. Every participant was given a
$10 gift card for participating in the experiments. Each participant conducted
three trials using three methods, including VARIL, that were randomly ordered
for each participant. Before starting the actual trials, each participant completed
a short dummy trial that was scaled down to a mini-warehouse that includes
only one robot. The role of the dummy trial was to acquaint the participants
with the environment and to teach the participant to control the virtual human.
The experiments were approved by the Institutional Review Board (IRB) of our

institution.

5.4.1 Experiment Setup

We deployed the simulated warehouse environment to a web server to facilitate
the online experiment using the WebGL build of the Unity project. In our experi-
ments, the human participants were able to teleoperate the virtual human around
the environment through the input of the W, A, S, and D keys along with using
the mouse to rotate the virtual human’s field of view. Each robot is assigned three

boxes for each trial and once the last box has been dropped off by the robot, it will
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Figure 5.4: Interface used by the expert to give demonstrations.

begin navigating to its starting position. The trial is completed once all twelve
robots have delivered their three boxes and have reached their starting position.
Data Collection and Policy Learning: We collected a dataset of 6000 demon-
strations provided by a human expert at runtime during which a human worker
was working with a team of robots to collaborate on a delivery task. In our case,
the human expert is the author of this dissertation, who knows this domain well,
and we designed a virtual human to perform the task of the human worker. The
human worker and the human expert both were provided with an AR interface to
track the robots. The human worker used the AR interface to collaborate with
the robots, whereas the role of the human expert was to provide feedback on the
visualizations seen using the AR interface.

The human expert was provided with a simple interface as shown in Figure 5.4
to input the feedback (which visualizations the human expert thinks should be to

enabled or disabled) on the visualizations for the team of robots, as well as the drop
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Figure 5.5: Comparison of VARIL (ours) with two baselines to show the distribu-
tion of total waiting time (second) of all robots.

station balloons. The interface provides a checkbox for each robot’s trajectory,
live location, and transparent avatar as well as a checkbox for each drop station
balloon. The expert feedback is obtained in real-time and the environment is
not paused. The expert does not have access to the internal state representation,
and the feedback is completely based on the human expert’s observations on the
environment. Along with the state of the human worker and the team of robots,
the feedback (actions) of the human was combined to collect the dataset. A
snapshot of the state-action pairs was extracted every four seconds, and after
every 25 state-action pairs, the dataset was aggregated with the dataset from the
previous iteration. Using VARIL, we ran a total of two hundred forty iterations,
creating the entire dataset of the state-action pairs. At every iteration, we train
the AR agent with a multi-class SVM [166].

Baselines: For baselines, we have replicated the visualizations of two different
systems from the literature, called ARROCH [163], and CRMIAR [65] 3 to make

comparisons of their visualization strategies with the learned visualization from

3We create the acronym of CRMIAR that indicates “Communicating Robot Motion Intent
with Augmented Reality” for the simplicity of referring to the method.
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(a) ARROCH (b) CRMIAR

Figure 5.6: Our implementation of two existing methods from literature, AR-
ROCH [163] and CRMIAR [65], showing their AR visualizations for enabling the
humans to track the status of robots.

VARIL. ARROCH was designed for human-multi-robot systems, where a human
can use an AR device to track the status of the robots. Our implementation of
the ARROCH system has the following visualizations: the trajectories to show the
motion intentions, the robot avatar to show the live location, and a transparent
robot avatar to show the direction of the motion of the robot. On the other hand,
CRMIAR was a single robot visualization system, but we have scaled it to enable
tracking the team of robots in our warehouse environment. In our implementation
of the CRMIAR system, where we have combined the NavPoints, and Utilities
designs of CRMIAR to provide the following visualizations: the trajectories of
robots to show their planned motion intentions, a map to show the relative location
of the robots with respect to the human, and arrows to point to the robots that are
not in the field of view. We use both ARROCH and CRMIAR in our experiments
to evaluate the efficacy of VARIL. Figure 5.6 shows our adapted implementation

of the baselines.

5.4.2 Real-world Demonstration

For demonstration, a built-in-lab mock warehouse was constructed in a 2500

square-foot room. Three turtlebot robots were used to mimic the human-multi-
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Third-person view ‘ AR view

Figure 5.7: Mock warehouse and AR visualizations that include robot avatars and
trajectories in color.

robot collaborative delivery task similar to the Unity environment. The speed of
the Turtlebots was set to 0.5 m/s. The human worker was provided with an AR
device (tablet) with a screen size of 10 inches. Figure 5.7 shows the “warehouse”
environment for the demonstration of VARIL, where a human worker is holding
an AR device to track the status of three turtlebots. A demonstration video is

available on the project webpage — see the abstract.

5.4.3 Results

Objective Results: Figure 5.5 shows the histogram, where the x-axis repre-
sents the total wait time of all the robots in seconds, and the y-axis represents the
number of human-robot teams with the corresponding robot wait times. From the
figure, it can be observed that for most human-robot teams, VARIL had the short-
est robot wait times as compared to ARROCH and CRMIAR. Also, we plotted the
Gaussian curves to show the distribution of the data points for all the methods.
We also analyzed the statistical significance, in every trial, we sum up the task
completion time of all the robots. We found that VARIL performed significantly
better than both ARROCH and CRMIAR, where 0.01 < p — value < 0.05.

Additionally, by comparing the total robot wait times, we observed that the wait
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times for robots in VARIL were significantly shorter than the baselines. All of
these results support Hypothesis-I which states VARIL improves the human-robot

team’s task completion efficiency.

Subjective Results: At the end of each trial, the participants were asked to fill
out a survey form indicating their qualitative opinion on the six different questions
to validate Hypothesis-II. The figure and the descriptive subjective analysis are
provided in the supplementary materials. We observed significant improvements
from the study supporting Hypothesis-II on user experience, that the visualiza-
tions in VARIL provided a better user experience. Collectively, the results convey
that the VARIL visualizations help the participant better keep track of the robot
status, proved useful towards task completion, and were less distracting, while the

participants enjoyed using the system.

Questionnaire for Subject Analysis: The questions listed in the questionnaire
included: Q1, The tasks were easy to understand; Q2, The tasks were not mentally
demanding, e.q., remembering, deciding, thinking, etc.; Q3, I enjoyed using the

system and would like to use such a system in the future.; Q4, It was easy to
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suggested actions with both the visualization policies of ARROCH (baseline) and
VARIL with respect to the number of iterations. Each instance of a human expert
disabling a visualization is considered a discrepancy;

keep track of robot status.; Qb, The wvisualizations proved helpful in completing
the tasks.; and Q6, The visualizations were not distracting. Note that Q1 is a
verification question to evaluate if the participants understood the tasks, and is
not directly relevant to the evaluation of our hypotheses. The response choices
were: 1 (Strongly disagree), 2 (Somewhat disagree), 3 (Neutral), 4 (Somewhat
agree), and 5 (Strongly agree).

Figure 5.8 (presented in the supplementary materials) shows the average scores
from the questionnaires. Results show that VARIL produced higher scores on
questions Q3-Q6, where we observed significant improvements in all of the
four questions with the p-values < 0.05. The significant improvements observed
from the study support Hypothesis-II on user experience that the visualizations
in VARIL provided a better user experience. We did not observe a significant
difference in scores for Q2, and one possible reason we thought is the way the
question was framed. Since we ask about the demanding nature of tasks, and the
response of Q1 confirms that the tasks were easily understood by the participants,

the scores make sense. On the other hand, if the question was about the demanding
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Figure 5.10: A histogram to show the distribution of total waiting time (second)
of all robots in simulation with respect to six intermediate policies of VARIL.

nature of processing the visualization, we think the question would have been
useful for the evaluation of different visualization strategies.

Policy Evaluation: VARIL is the first work on Imitation Learning-based visu-
alization policy learning for AR, and hence we do not have learning baselines to
make comparisons for the generated policy. To overcome this shortcoming, we
have evaluated our learned policy to find the discrepancy between the suggested
expert actions as well as the actions suggested by both the ARROCH static vi-
sualization policy, and the intermediate policies of VARIL. Figure 5.9 shows the
number of policy iterations on the x-axis, and the number of discrepancies on the
y-axis. The discrepancy is a measure of the deviation of the visualization policies
from the expert’s policy. From the figure, we can observe that the early policies
of VARIL had more discrepancy, and this is because at the beginning the policy’s
poor quality makes it less effective in selecting visualization actions. With more
interaction with the expert, the policy becomes mature, and tries to mimic the
actions suggested by the expert. It can be observed that the discrepancies drasti-

cally decrease with the increase in the number of policy iterations. On the other
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hand, the increase in policy iteration has no effect on the number of discrepan-
cies between ARROCH and expert actions, because ARROCH employs a static
visualization policy. The final policy was used in the experiments to evaluate the
learned visualization policy against the static policies from the baselines.
Furthermore, we evaluated Hypothesis-I in simulation to investigate how the
intermediate policies of VARIL affect the human-robot team’s task completion
time. Figure 5.10 shows the histogram of the total robot wait times, for six differ-
ent policies (P1 - P6), where every policy was extracted after 50 policy iterations.
A total of 250 trials were run for every policy, and we observed improvements in

robot wait times denoting the improvement of efficiency in human-robot teams.

5.5 Summary

In this chapter, I present our framework, VARIL (Visualizations for Aug-
mented Reality using Imitation Learning) [167], that for the first time introduces
a learning-based AR visualization strategy for human-multi-robot collaboration.
The framework learns a decentralized visualization policy using imitation learning
in a centralized manner, where the AR agent dynamically selects a visualization
action based on the state of the human-multi-robot system. One limitation of the
work is that the author of the dissertation served as the expert demonstrator in the
VARIL framework, a more diverse set of expert demonstrators may be beneficial
for learning a more robust policy. We compared our framework with competitive
baselines from the literature, and the results suggest that VARIL significantly in-
creases the efficiency of human-robot collaboration, and reduces the distractions

caused by extraneous information.
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6 Learning to Guide Human Attention

In this chapter, I discuss my contribution to learning visualization policies for
the telepresence systems for guiding human attention in all-degree vision. Our
framework, GHAL360, enables the MTR to learn a goal-oriented policy from rein-
forcements for guiding human attention using AR visual indicators. This contri-
bution falls under the remote communication type, where human and robots are

not collocated, and the human and robot share the same embodiment.

6.1 Introduction

Telepresence is an illusion of spatial presence, at a place other than the true
location [168]. Mobile telepresence robots (MTRs) enable the human operator
to extend their perception capabilities along with the ability to move and actuate
in a remote environment [169]. The rich literature of mobile telepresence robotics
has demonstrated applications in domains such as offices [170, 171], academic
conferences [172, 173], elderly care [174, 175], and education [176, 177].

Recently, researchers have equipped MTRs with a 360° camera to perceive
the entire sphere of a remote environment [112, 111]. In comparison to traditional
monocular cameras (including the pan-tilt ones), 360° visual sensors have equipped

the MTRs with the capability of omnidirectional visual scene analysis. However,
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the human vision system, by nature, is not developed for, and hence not good
at processing 360° visual information. For instance, computer vision algorithms
can be readily applied to visual inputs with varying spans of degrees, whereas the
binocular visual field of the human eye spans only about 120° of arc [178]. The
portion of the field that is effective for complex visual processing is even more
limited, e.g., only 7° of visual angle for facial information [179]. How can one
leverage the MTRs’ 360° visual analysis capability to improve the human perception
of the remote environment? One straightforward idea is to project 360° views onto
equirectangular video frames (e.g., panorama frames). However, people tend to
focus on small portions of equirectangular videos, rather than the full frame [180].
This can be seen in Google Street View, which provides only a relatively small field
of view to the users, even though the 360° frames are readily available. Toward
long-term shared autonomy, we aim to bridge the observability gap in human-
MTR systems equipped with 360° vision.

In this chapter, we propose a framework, called Guiding Human Attention with
Learning in 360° vision (GHAL360). To the best of our knowledge, GHAL360, for
the first time, equips MTRs with simultaneous capabilities of 360° scene analysis
and guiding human attention. We use an off-policy reinforcement learning (RL)
method [14] to compute a policy for guiding human attention to areas of interest.
The policies are learned toward enabling a human to efficiently and accurately
locate a target object in a remote environment. More specifically, 360° visual
scene analysis produces a set of detected objects, and their relative orientations;
and the learned policies map the current world state, including both the human

state (current attention), and the scene analysis output, to an action of AR visual
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Figure 6.1: The input of GHAL360 includes live 360° video frames of the remote
environment from MTR, and human head pose. (a) Equirectangular frames
encode the 360° information using equirectangular projection. (b) Those frames
are analyzed using an object detection system. (c) The detected objects are then
filtered to highlight only the objects of interest, which is a task-dependent pro-
cess. (d) After the human’s display device receives the equirectangular frames,
GHALS360 constructs a sphere, and uses the frames as the texture of the sphere.
A human may only view a portion of the sphere, with a limited field of view, e.g.,
as indicated in the red-shaded portion. (e) The portion viewed by the human is
called a “viewport”, which is rendered based on the head pose of the human at
runtime. (f) GHAL360 overlays AR visual indicators in real-time to guide human
attention toward the object of interest while providing an immersive 360° view of
the remote environment.

indication.

We have evaluated GHAL360 using target search tasks. Three virtual envi-
ronments have been constructed for demonstration and evaluation purposes—two
of them using the Matterport3D datasets [125], and one using a dataset collected
from a mobile robot platform. We have compared GHAL360 with existing meth-
ods including [100, 110]. From the results, we see that GHAL360 significantly

improved the efficiency of the human-MTR system in locating target objects in a

remote environment.
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6.2 Framework

In this section, we present our framework called GHAL360, short for Guiding
Human Attention with Learning in 360° vision, that leverages the MTR’s 360°
scene analysis capability to guide human attention to the remote areas with po-

tentially rich visual information. Figure 6.1 shows an overview of GHAL360.

6.2.1 GHAL360 Framework

Algorithm 4 delineates the procedure of GHAL360 and explains the different
stages as well as the data flow at each stage. The input of GHAL360 includes x,
the name of a target object of interest as a string, and objDet, a real-time object
detection system.

After a few variable initializations (Lines 1-4), GHAL360 enters the main con-
trol loop in Line 6. The main control loop continues until the human finds the
target object in the remote environment. Once a new frame (F) is obtained,
GHAL360 analyzes the remote scene using an object detection system and stores
the objects’ names and their locations in a dictionary P (Line 9). The location of
k is then stored in £ and is used to draw the bounding box over F.

If the target object is detected in the current frame (Line 15), Lines 16-24 are
activated for guiding human attention. In Line 16 the current egocentric state
representation (s) of the world is obtained using the getState function. Based on
s, the policy generated from the RL approach (7) returns an action, which is a
guidance indicator to be overlayed on the current viewport (F '), and then F is
presented to the user via the interface. After executing every action a, GHAL360

updates the Q-values for the state-action pair using the observed reward (r) and
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Algorithm 4

Require: &, objDet

1: Initialize an empty list C to store the control commands as ()

2: Initialize a quaternion % (Human Pose) as (0,0,0,0)

3: Initialize a 2D image F with all pixel values set as 0

4: Initialize a dictionary P ={}

5: 7 < random policy > Initialize a policy

6: while True do

7 if new frame is available then

8: Obtain current frame F of the remote environment

9: P « objDet(F) > Section 6.2.1
10: L = P[x] > Get the location of the object of interest
11: Overlay bounding box for object of interest over F

12: Render the frame as a sphere > Section 6.2.1
13: Obtain current human head pose H

14: Render a viewport F' to match the human operator’s head pose

15: if k¥ in P then

16: s = getState(P, k, H) > Egocentric state representation
17: a=m(s) > Section 6.2.2
18: if a == left or right then

19: Overlay the visual indicator on F '
20: end if
21: Present F to the user via the interface
22: Observe r and s’ > Immediate reward and next state
23: Q(s,a) + Q(s,a) + alr+ymaxy Q(s',a") — Q(s,a)]
24: 7(s) « argmax,Q*(s,a) > Update policy
25: end if
26: T+ pf(H) > Section 6.2.2
27 C «controller(Z) > Control signal based on human intention
28: for each c € C do > Section 6.2.3
29: Y+ 71(c) > Generate a teleop message
30: 1) is sent to the robot for execution
31: Updated map is presented via the interface
32: end for
33: end if

34: end while

the next state (s') in Line 23. Finally, using the new Q-values, the policy (7) is

updated, and in the next iteration, an optimal action is selected using the updated

policy. The human head orientation () is sent to the particle filter as evidence to

predict the human motion intention (Z). The controller then returns the control

signal as C based on Z to control the robot’s motion in the remote environment.

In the following subsections, we describe the key components of GHAL360.

Scene Analysis: Once a new frame (F) is obtained, GHAL360 analyzes the

remote scene information using an object detection system, where we use a state-
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of-the-art convolutional neural network (CNN)-based framework YOLOv3 [181].
All the objects (keys) in the frame along with their locations (values) are stored
in a dictionary P (Line 9). In our implementation, we divide the 360° frame into
eight equal 45° wedges. These eight wedges together represent all the four cardinal
and four intercardinal directions, i.e. [N, S, E, W, NE, NW, SE, SW]. Every wedge

can have four different values based on the objects detected in that wedge:

W : {wCh w1, W, U)3}

e wy: represents a wedge with no objects detected

e wi: represents a wedge with clutter

e wy: represents a wedge that contains only the object of interest

e w;s: represents a wedge containing clutter as well as the object of interest

where clutter indicates that the wedge contains one or more objects that are not
the target object. The output of scene analysis is stored as a vector where each
element represents the status of one of the wedges. The human operator can be
focusing on one of these eight wedges. The getState function in Line 16 takes
the output of the scene analysis along with the target object and current human
head pose as input. The output of the getState function is an egocentric state
representation of the vector representing the locations of objects with respect to
the wedge human is currently focusing on (W;). The generated egocentric version
of the vector is then sent to the RL agent as the state representation of the current
world, including both the output of scene analysis and the current status of the

human operator.
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Equirectangular Frame Rendering: One of the ways to represent 360-degree
videos is to project them onto a spherical surface. Consider the human head as
a virtual camera inside the sphere. Such spherical projection helps to track the
human head pose inside the 360° frames. In our implementation, we construct
a sphere and use F as the texture information of the sphere. Inside the sphere,
based on the yaw and pitch of the human head, the pixels in the human field of
view are identified. Based on the human operator’s head pose obtained in Line 13,
the viewport is rendered from the sphere. We use A-Frame, an open-source web
framework for building virtual reality experiences !, for rendering the equirectan-

gular frames to create an immersive 360° view of the remote environment.

6.2.2 Policy for Guiding Human Attention:

We use a reinforcement learning approach [14], Q-Learning, to let the agent
learn a policy (for guiding human attention) by interacting with the environment.

The mathematical representation of the state space is:

S:WOXW1><---><WN_1

where W; represents the state of a particular wedge, as defined in Section 6.2.1.
In our case, N = 8, so |S| = 4%, and s € S. The state space (S) of the RL agent
consists of a set of all possible state representations of the 360° frames. All the
state representations are egocentric, meaning that they represent the state of the

world (locations of objects) with respect to the wedge human is currently focusing

'https://aframe.io/
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on. The domain consists of three different actions:

A : {left,right, confirm}

where le ft and right actions are the guidance indicators, while the con firm ac-
tion checks if the object of interest is present in the currently focused wedge or
not. Based on s, the policy generated from the RL approach (7) returns an ac-
tion (a), which can be an AR guidance indicator to enable the human to find
the object of interest in the remote environment. Once the agent performs the
action, it observes the immediate reward (r) and the next state (s'). Using the
tuple (s,a,r,s'), the agent updates the Q-value for the state-action pair. Finally,
the agent updates the policy at runtime based on its interaction with the environ-
ment. We use the BURLAP library ? for the implementation of our reinforcement

learning agent and the domain.

Particle Filter for Human Intent Estimation: We use a particle filter-
based state estimator to identify the motion intention of the human operator.

In GHAL360, the particle filter is first initialized with M particles:

X = {IL'O,ZE17 L. ,[EM_I}

where each particle represents a state, which in our case is one of the eight wedges.

Each particle has an associated weight (w’) and is initialized as w'=5;. The belief

2http://burlap.cs.brown.edu/
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state in the particle filter is represented as:
B(Xt) = P(Xt|61:t)

where t is the time step, e is the evidence or the observation of the particle filter,
and the belief state B(X}) is updated based on the evidence ey, - -- ,e; obtained
till time step ¢. In our implementation, the evidence of the particle filter is the
current change in human head orientation (left or right), and the currently focused
wedge. As the human starts to look around in the remote environment, based on

the evidence the belief is updated:

B'(Xpi1) = ) P(X[a)B(ay))

After every observation, once the belief is updated, we calculate the density of
particles for all the possible states, and the state with more than a threshold
percentage of particles (70% in our case) is considered as the predicted human
intention. Once the particle filter outputs the predicted human intention (Line 26),
we use a controller that outputs a control signal to drive the robot base toward
the intended area based on the predicted human intention. In case the particle
density does not reach the threshold in any wedge, the robot stays still until the

particle filter can estimate the human motion intention.

6.2.3 Telepresence Interface

Based on the action suggested by the policy, GHAL360 overlays AR visual

. . . . . / . .
indicators over the current viewport. This results in a new frame F which is pre-
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Use the scroll bar to adjust FOV: 90

Human Field of View

Figure 6.2: Telepresence Interface showing the 2D map, the frame of the remote
environment, a 2D icon to show human head orientation, a scrollbar to adjust field
of view, and a set of icons to indicate the current teleoperation commands given
by the human operator.

sented to the user via the interface (Figure 6.2). The operator can use “click” and
“drag” operations to look around in the remote environment. The telepresence
interface provides a scroll bar to adjust the field of view of the human operator.
Additionally, the users can easily change the web-based visualization to an im-
mersive virtual reality 360° experience via head-mounted displays (HMDs) via a
VR button at the bottom right of the interface. In the VR mode, the users can
use their head motions to adjust the view of the remote environment.

The telepresence interface also shows the 2D map of the remote environment.
Based on the robot’s pose, a red circle is overlaid on the 2D map to indicate the
live robot’s location in the remote environment. Additionally, we show a 2D icon
to convey the head orientation of the human operator relative to the map. The

2D icon also shows the part of the 360° frame which is in the field of view of the
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human operator (Figure 6.2). The controller in Line 27 converts the estimated
human intention into a control command. The control commands are converted
to a ROS “teleop” message and are passed on to the robot to remotely actuate it.
Based on the control command, the robot is remotely actuated and the 2D map

is updated accordingly to show the new robot pose.

6.3 Experiments

We conducted experiments to evaluate GHAL360 in a target-search scenario
where a human was assigned the task of finding a target object in a remote en-
vironment using an MTR. We designed two types of simulation environments, 1.
Abstract simulation, and 2. Realistic simulation. To facilitate learning, we de-
signed Abstract simulation to enable the agent to learn a goal-oriented policy for
guiding human attention. The learned system is then evaluated in Realistic simu-
lation. The main difference between Abstract simulation and Realistic simulation
is that the Abstract simulation eliminates the real-time visualization to speed up

the learning process.

6.3.1 Abstract Simulation

We use the abstract simulator to let the agent learn a strategy to guide human
attention toward an object of interest in a 360° frame. In our abstract simulation

13

domain, we simulate the process of GHAL360 interacting with the “world” as a
Markov decision process (MDP) [10]. The transition probability of the human
following GHAL360’s guidance (left or right actions) is 0.8 in abstract simulation.

There is a 0.2 probability that the human randomly looks around in the remote

environment. The transition probability of the left action and the right action is
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Figure 6.3: (a)-(b), Home dataset from Matterport3D; (c)-(d), Office dataset from
Matterport3D; and (e)-(f), Office dataset collected using a Segway-based mobile
robot platform.
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0.8 while the transition probability for the con firm action is 1.0.

The reward function is in the form of R(s,a) — R. After the agent takes
action con firm, if the value of Wy (the wedge that the human is focusing on) is
either wy or ws, as defined in Section 6.2.1, the agent receives a big reward of 250.
If the value of W) is either wy or wy after action con firm, the agent receives a big
penalty, in the form of a reward of —250. Each indication action (left or right)
produces a small cost (negative reward) of 3 if the value of Wy is wy or wy. But
if the left or right actions result in the value of W, becoming w; or ws, then the
actions produce a slightly higher cost (negative) of 15.

After executing the action (a), the agent moves to the next state (s') and
receives a reward (r). The reward is based on the value of W, which can be one
of the four values {wg,wy, ws, w3} as described in Section 6.2.1, and Wy is the
wedge that the human operator is currently focusing on. If the agent takes action
con firm and transitions to ', where Wy value is ws or ws, the agent gets a reward
as 250. But if the agent takes action con firm, and the value of Wy is either wy
or wy, the agent gets a reward as —250. The actions left and right result in a
reward of —3 if W, = wg, whereas the reward is —15 if the value of W, = w; or
ws.

We trained the agent for 15000 episodes which resulted in the agent learning a
policy for guiding human attention. We have evaluated the learned policy in the

realistic simulation.

6.3.2 Realistic Simulation

We used the equirectangular frames from the Matterport3D datasets (Fig-

ure 6.3(a) - 6.3(d)) as well as frames from the 360° videos captured from the real
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(a) Front (b) Back

Figure 6.4: Segway-based mobile robot platform (RMP-110) with a 360° camera
(Ricoh Theta V), mounted on top of the robot, and laser ranger finder (SICK
TiM571 2D) that has been used for prototyping and evaluation purposes in this
research.

world (Figure 6.3(e) - 6.3(f)), and then simulated human and robot behaviors to
build our realistic simulation. We used a Segway-based mobile robot platform to
capture the 360° videos (Figure 6.4). The robot is equipped with an onboard 360°
camera (Ricoh Theta V), and was teleoperated in a public space during the data
collection process.

We model a virtual human in a realistic simulation that can also look around
in the remote environment and send control signals to teleoperate the simulated
robot using the interface. Moreover, as opposed to abstract simulation, the actions
of the virtual human can be visualized in the interface, for example, if the virtual
human looks to the left, the viewport is changed accordingly in the interface. The
virtual human can both track the location of the simulated robot through the 2D
map and perceive the 360° view of the remote environment via the telepresence
interface. In our realistic simulation, the robot navigates in the 2D grid. If the

virtual human tries to move to an inaccessible position, the robot stays still.
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Based on the control signal, the location of the robot is changed, and the interface

is updated accordingly.

6.3.3 Baselines vs. GHAL360

We compared GHAL360 using a target-search scenario with different baselines
from the literature. We also conducted ablation studies to investigate how indi-
vidual components of GHAL360 contribute to the system. The different systems

used for comparison are as follows:

e MFO: Monocular Fixed Orientation based MTR, where the remote user

needs to rotate the robot to look around in the remote environment [100].

e ADV: All-Degree View systems which are typical MTRs equipped with a
360° FOV camera. The human can use an interface to look around in the

remote environment without having to move the robot base [110].

e FGS: Fixed Guidance Strategy system which consists of a scene analysis
component along with a hand-coded guidance strategy that greedily guides

the human using the shortest path to the target object.

e RLGS: Reinforcement Learning-based Guidance Strategy system uses the
policy from RL to guide the human attention and suggests an optimal path

for the human operator to locate the target object.

FGS and RLGS are ablations of approach, and the comparisons of FGS and
RLGS with GHAL360 are ablation studies.
We used three different environments: two from the Matterport3D datasets,

and one dataset collected from the real world. In every environment, there were
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six sets of start positions for the robot in each of the environments, with each
set including positions of the same distance to the target. For each environment,
we selected two target objects, and each of the target objects was specifically
selected to ensure that they were unique in the environment to avoid the confusion
resulting from finding a different instance of the same object at different locations.
For example, the target objects selected in environment 1 were “backpack” and
“laptop”, while the target objects selected in environment 2 were “bottle” and
“television”. The initial orientation of the robot was randomly selected, and a set
of one thousand paired trials were carried out for every two-meter distance from
the target object until 12 meters. The virtual human carried out one random
action every two seconds out of “move forward”, “move backward”, “look left”,
and “look right” in the baselines (MFO and ADV). The actions “move forward”,
“move backward” are also carried out randomly in FGS and RLGS, while the
actions “look left” and “look right” are carried out randomly only until there are
no visual indications. In case, there are AR visual indications, the human follows
the indications with a 0.95 probability. Using these actions, the simulated user
could explore the remote environment. Once the target object is in the field of

view of the human operator, the trial is terminated.

6.3.4 Illustrative Trial

Consider an illustrative trial where the human-MTR team needed to locate a
laptop in a remote environment. Figure 6.5 shows the map of the remote environ-
ment with the robot’s trajectory marked in blue color. The arrows in Figure 6.5
indicate the different human head orientations, and the red dotted lines point

to the different viewports at these orientations. Figure 6.5 (a) shows the initial
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(e) Viewport 5

(a) Viewport 1

(d) Viewport 4
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(b) Viewport 2

Figure 6.5: Map showing the trajectory of the robot in the remote environment
looking for a “laptop.” The arrows show the different human orientations along
the trajectory; The images marked as (a)-(e) are the different viewports of the
human at every orientation shown by the arrows.

viewport of a virtual human. The human started to look around at the remote
environment to locate the laptop. Figure 6.5 (b) shows the second viewport after
the human looked left. Then the human again looked right, and the viewport
can be seen in Figure 6.5 (a). The human kept looking at the same position for
the next two time steps. The particle filter estimated the human’s intention, and
accordingly, the controller output control signals to drive the robot to the next
location.

The human continued to look around to find the laptop, and the particle filter
constantly estimates the human motion intention resulting in the robot moving
to different locations as shown by the blue marked trajectory in the map (Fig-
ure 6.5). Finally, the robot reached the location where the target object was

located. As soon as the robot reached the location of the target object, the scene
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Figure 6.6: Comparison of the cumulative reward between FGS and GHAL360.
Results show that the learned policy ultimately performed better than FGS (hand-
coded baseline).

analysis component detected the laptop in the frame, and using the human head
pose, GHAL360 overlayed the AR visual indicator over the viewport as seen in
Figure 6.5 (d). The AR indicator suggested the human look right to find the lap-
top, but at first, the human did not follow the guidance and looked left. Again,
the AR visual indicator was overlayed on the new viewport to guide the human
attention (Figure 6.5 (c)). Now, at this time step, the human looked in the guided
direction, and the viewport changed back to Figure 6.5 (d). Finally, the human
followed the visual indicator and looked further right, and Figure 6.5 (e) shows
the resulting viewport of the human with the laptop. Once the human found the

target object, the trial was terminated.
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Figure 6.7: Comparisons are made between GHAL360 and the other systems in
terms of average time (y-axis) taken to find the target object from six different
distances (x-axis).

6.3.5 Results

From the 15000 training episodes, we extracted 150 different policies after each
batch of 100 episodes, and tested them in our realistic simulation. Figure 6.6 shows
the average cumulative reward and standard deviations over five runs. We plotted
the mean cumulative reward (Figure 6.6) of FGS and GHAL360 to compare the
performance of hand-coded policy with the learned policy of GHAL360. The x-axis
represents the episode number while the y-axis represents the cumulative reward.
Figure 6.6 shows that in the early episodes when the agent is still exploring, the

cumulative reward for GHAI360 is much lower than FGS. But with the increasing
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number of episodes, it can be observed that GHAL360 outperforms FGS which

represents the learned policy is superior to the hand-coded policy.

Table 6.1: This table shows the accuracy of different systems in target search tasks
for different environments with different target objects. The bold font shows the
best accuracy among all the systems, whereas the bold and italic font represents
significant improvements.

Env (target) Accuracy

MFO ADV FGS RLGS | GHAL360
Env 1 (backpack) | .63 (.02) | .61 (.02) | .74 (.02) | .82 (.02) | .84 (.02)
Env 1 (laptop) .65 (.01) | .66 (.02) | .75 (.02) | .82 (.02) | .85 (.01)
Env 2 (bottle) | .54 (.02) | .52 (.03) | .68 (.01) | .78 (.01) | .81 (.02)
Env 2 (television) | 58 (.01) | .59 (.01) | .71 (.01) | .80 (.03) | .87 (.03)
Env 3 (backpack) | .55 (.02) | .57 (.02) | .68 (.03) | .82 (.03) | .82 (.02)
Env 3 (laptop) .56 (.02) | .56 (.01) | .69 (.02) | .80 (.01) | .83 (.02)
Overall 58 (.04) | .58 (.05) | .71 (.03) | .81 (.02) | .84 (.02)

Figure 6.7 shows the overall performance of GHAL360 compared to the other
systems enlisted above. Each data point represents the average task completion
time (y-axis) for six different distances (x-axis) (i.e., randomly sampled positions
in each of the six distances). One thousand trials were divided over five runs to
plot each data point. The shaded regions denote the standard deviations over five
runs for each of the six distances.

From the results, it can be observed that GHAL360 outperforms all the base-
lines (MFO and ADV) in terms of average task completion time at all six distances
in finding the target object. Moreover, compared to FGS, GHAL360 performs bet-
ter in all three environments and at six different distances denoting that the human
guidance using the learned strategy outperforms the hand-coded greedy.

Furthermore, in addition to the learned guidance strategy, GHAL360 utilizes
a particle filter to estimate human intention and guide the robot base toward the

intended direction. In the bottom left of Figure 6.7(a) - 6.7(c), we can see that
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the average time of task completion is similar between RLGS and GHAL360. This
indicates that the particle filter in GHAL360 is less useful when the robot starts
from a position that is close to the target objects. When the robot is distant from
the target object, we see the particle filter produces a significant improvement, as
evidenced by seeing the far right of the Figure 6.7(a) - 6.7(c). This observation
confirms that the particle filter also contributes to the efficiency of GHAL360.

In addition to comparing the efficiency of different systems to GHAL360, we
also compared the accuracy of target search tasks as shown in Table 6.1. It can
be observed that the accuracy of GHAL360 is higher in finding all the target
objects, except for the “backpack” object in Environment 3. Also, we observed
significant improvement in accuracy in Environment 2 for finding the “television”.
This shows that along with the improvements in efficiency, GHAL360 also provides

higher accuracy in finding target objects as compared to the other systems.

6.4 Summary

In this chapter, I describe our framework (GHAL360) [182, 183] that enables
a mobile telepresence robot (MTR) to monitor the remote environment with all-
degree scene analysis and actively guide human attention to the key areas at the
same time. We conducted experiments to evaluate GHAL360 in a target search
scenario. From the results, we observed significant improvements in the efficiency

of the human-MTR team in comparison to different baselines from the literature.
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7 Learning Visualization Policies from MARL

In this chapter, we aim to investigate more about learning AR visualization
policies. In Chapter 5, we have leveraged imitation learning towards learning
a visualization policy. While VARIL provides promising results, there are some
limitations of VARIL, that we address in this chapter by enabling the AR agent to
learn a visualization from reinforcements, i.e. interacting with the environment.
This contribution falls under the proximate communication type, where human

and robots are collocated.

7.1 Introduction

The persistent display of virtual objects can sometimes be extraneous for hu-
mans. Too many unwanted visualizations, or incorrectly placed virtual objects
can lead to visual clutter. While AR, in general, enhances the human perception
of the world by overlaying virtual objects onto the real world, such unnecessary
augmentations can be distracting for humans while working alongside robots and
can lead to degradation in task performance [77]. Moreover, AR interfaces can
alter attentional focus and result in inattentional blindness [156]. Inattentional
blindness is when humans tend to miss highly notable events or objects in their
field of view which are noticeable otherwise [184]. There can be instances when

the human is busy with his/her own tasks and such overhead of visualizations can
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cause the human to lose focus, and in the long run discourage humans from using
such distracting interfaces.

As discussed in the last chapter, visualization strategy can be considered as a
policy that maps the current state to a visualization action that the visualization
agent needs to take to minimize distraction and maximize the information deliv-
ered to the human. While designing a visualization strategy, there are a number
of factors to consider, for example, which virtual objects to augment (do some ob-
jects have priority over others), how to augment the virtual objects (arrangement
of the virtual objects), when to augment the virtual objects (human is available or
busy), etc. In Chapter 5, we presented the first work that enables the visualization
agent to learn a meaningful policy from expert demonstrations.

The imitation learning approach of VARIL provided several benefits including
low exploration cost because the agent tries to closely mimic the expert demonstra-
tions without having to carry out trial and error. Another benefit of mimicking
expert demonstrations is that as the policy is trained on more demonstrations,
the policy becomes more predictable. More importantly, since the expert provides
feedback at runtime to the visualization agent, it can potentially correct the wrong
behaviors quickly leading to a speedup in the learning process.

Although VARIL provided a strong base to support our direction toward learn-
ing visualization strategies for human-multi-robot teams, there exist some limita-
tions in the framework that motivates our research to investigate different learning
architectures. VARIL has several key limitations as follows, 1, the visualization
agents’ policy cannot account for unforeseen scenarios due to the lack of diver-

sity of data provided by the expert; 2, the expert demonstrator needs to carefully
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provide feedback to avoid the AR agent learning from incorrect feedback, but
this increases the overhead tremendously on the expert demonstrator in a com-
plex human-multi-robot system; 3, the data collection is too costly limiting the
scalability of the system to more complex scenarios.

To overcome these limitations, we design a framework, called, Visualiza-
tions for Augmented Reality using Multi-agent Learning (VARMAL),
that enables human-multi-robot collaboration in a shared environment. The AR
interface of VARMAL leverages AR visualization policies to enable humans to
collaborate with a team of robots. The AR visualization policies of VARMAL
are learned via multi-agent reinforcement learning, specifically, the QMIX algo-
rithm [159], a novel value-based method that can train decentralized policies in
a centralized end-to-end fashion. The AR agent interacts with the environment
toward learning a policy that enables the AR visualization agent to suggest an
action based on the local observations of each robot.

The visualizations of VARMAL were learned in the simulated warehouse with
eight robots working alongside humans in a human-robot collaborative delivery
task. We have evaluated VARMAL using where a team of robots works to collab-
orate with a human for delivery tasks, and the tasks for both humans and robots
are non-transferable. The robots are tasked with delivering objects to different
locations (drop stations) and the human helps unload the objects from the robots
waiting at drop stations. The learned AR visualization policies were compared
with the static AR policy for human multi-robot teams from the literature [163],
and a handcrafted policy, and the results suggest that the VARMAL policies sig-

nificantly decrease the robot wait time. Results indicate that the learned visualiza-
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tion policies of VARMAL significantly increase the efficiency of the human-robot
team in task completion.
The next section provides details on the experiments conducted to evaluate

VARMAL in the human-multi-robot collaboration scenario.

7.2 Experiments

We conducted experiments in a simulated warehouse environment that we
discussed in Chapter 8. We have compared VARMAL with several baselines from
the literature to evaluate the hypotheses that VARMAL increases the collaboration

efficiency in human-multi-robot teams.

7.2.1 Experiment Setup

We designed the experiments in a simulated warehouse environment where the
human participant had to collaborate with a team of eight robots to complete
delivery tasks. The robots were given the task of picking boxes from the shelves
and dropping them at assigned drop stations in the warehouse environment. Each
robot is assigned three boxes for each trial and once the last box has been dropped
off by the robot, it will begin navigating to its starting position. The robots wait
at the drop station with the boxes to wait for help from the virtual human. The
virtual human is tasked to navigate to one of the drop stations to help unload
the box from the robots waiting at the drop station. This delivery task requires
human-robot collaboration because the robots cannot drop the boxes with the help
of the virtual human. The trial is completed once all eight robots have delivered
their three boxes and have reached their starting position.

Policy Learning: VARMAL learns the visualization policy by utilizing QMIX [159]

91



in the simulated warehouse environment. In the simulator, we model the interac-
tions of agents with the world as a POMDP [11] to account for the noise in the

environment.

7.2.2 Formalization of VARMAL

In this subsection, we describe the state space, action space, reward function,
and the network architecture for the AR agent of VARMAL for learning a visual-
ization policy.

In VARMAL, the observations of each robot have the following features:

humanState: {close, moderate, far}

e robotTaskState: {picking, dropping, none}

e robotRemainingTasks: {few, many, none}

e robotWaitingTime: {short, medium, long, none}

e nearbyRobotVizStatus: {few, many}

Every agent has a limited range, which can also be termed as the agent’s field
of view (FOV. The agent can observe other agents in its FOV but since the range
is limited, the environment is partially observable to each agent. The above state
representation represents a rich context for the entire human-multi-robot system
from each agent’s perspective.

In our implementation, the range of each robot is set to a radius of five meters.
For humanState, if the human is within the FOV, we characterize it as close, for
distances less than eight meters - moderate, and more than that is considered as

far. The robotTaskState tracks if the robot is picking, or dropping, or in case of
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task complete, the observation is none. In the case of robotRemainingTasks, few
denotes [0,1] tasks, while many represents more than one remaining delivery task,
and the value is set to none when the robot has completed all the delivery tasks.
To represent the robot wait time at a drop station, we use the following metrics:
{short < 20; 20 < medium > 35; long > 35}, where the time is in seconds. For
each agent, nearbyRobotVizStatus categorizes the number of robots in its vicinity
that have their visualizations turned on. The values are as follows: {few <= 2;
many > 2}.

In our domain, every robot needs to take decisions for three types of visual-
ization actions (action space) which can be either turned on or off, that form the

action space:

e liveLocationAvatar: {on, off}

e trajectory: {on, off}

e transparentAvatar: {on, off}

In terms of the visualizations of the balloon, the state-space of our AR agent

for each drop station consists of the following:

e humanState: {close, moderate, far}

e robotsWaitingTimeDS: {short, medium, long}

e nRobotsAtDropStation: {few, many}

Here, the AR agent observes the wait time of robots at its drop station

(robots Waiting TimeDS'), where the values are: {short < 30; 30 <medium < 40;
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long > 40}. The AR agent also tracks the number of robots at the drop station
(nRobotsAtDropStation), where {few <= 2; many > 2}.
Finally, for each drop station, the AR agent can enable or disable the balloon

on the drop station, hence the action space is represented as follows:
e balloon: {on, off}

In addition to the above state space, the QMIX architecture also consists of
the global state that is available during the centralized training phase. The global
state consists of the lastAction taken by each agent, which is a tuple.

The goal of the learned visualization policy is to minimize the robots’ wait
times while at the same time delivering the maximum information with the least

amount of visual clutter. We use the following rewards in our environment, where,

e liveLocationAvatar: {Living: -1, Start: -5, End: -5}

e transparentAvatar: {Living: -2, Start: -5, End: -5}

e trajectory: {Living: -2, Start: -10, End: -10}

e balloon: {Living: -2, Start: -20, End: -20}

The above reward structure shows the living cost, and the cost to start and
end the visualization actions. In addition to the above reward structure, the robot
agents get a reward of 100 for dropping the object, and a penalty of -1 for waiting
at a drop station. The AR agent for the balloon receives a reward of 100 for every
robot that completes dropping a box at the drop station, and a penalty of -1 for
each robot waiting every second at the drop station.

Using the above state and action space, the VARMAL framework learns a visu-

alization policy for human-multi-robot teams. Depending on the implementation
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of the different visualizations for the AR agent, the state space and action space
can vary to incorporate these visualizations.

Network Architecture: The agent network architecture of VARMAL for each
agent network is a DRQN. Similar to the default implementation of QMIX [159],
we use a recurrent layer comprised of a GRU with a 64-dimensional hidden state,
with a fully-connected layer before and after. The value of € is annealed linearly
from 1.0 to 0.05 over 16000 time steps, and then the value stays constant during
the learning process. The value of v is kept constant at 0.99 Our replay buffer
stores the last 600 episodes, and we sample batches of 32 episodes uniformly. We
update the target networks after every 60 training episodes. Every episode is
set to a maximum length of 60-time steps, and if the episode exceeds the time
steps, we reset the environment because in most cases the robots or the human
get stuck in an obstacle in such episodes. Our mixing network also follows the
default QMIX architecture, with a single hidden layer of 32 units using an ELU
non-linearity. A single hidden layer of 32 units with a ReLLU non-linearity is used

for the hypernetwork that produces the final bias of the mixing network.

Baselines: We compared VARMAL with four baselines to evaluate the effective-
ness of the learned visualizations. The different systems used for comparison are

as follows:

e NoViz: This system does not provide the virtual human with the robot

status information, so we call it as No Visualization (NoViz).

¢ ARROCH: ARROCH enables the virtual human to track the status of all

the robots by keeping all the visualizations on all the time (Chapter 4).
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Figure 7.1: Task completion time

e Handcrafted: This system deploys a handcrafted visualization policy to

help the virtual human track the robots.

e VARIL: This system deploys a learned visualization policy using expert

demonstrations (Chapter 5).

7.2.3 Results

Objective Results: Figure 7.1 shows the histogram, where the x-axis represents
the total wait time of all the robots in seconds, and the y-axis represents the num-
ber of human-robot teams with the corresponding robot wait times. From the
figure, it can be observed that for most human-robot teams, VARMAL had the
shortest robot wait times as compared to NoViz, Handcrafted, and ARROCH. The
figure also shows the relative comparison between VARMAL, and VARIL, where
VARIL performs better than VARMAL, which implies that the policy generated
from human expert demonstrations performs slightly better than the policy gen-

erated by VARMAL. Additionally, we plotted the Gaussian curves that show the
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distribution of the data points for all the methods. We also analyzed the statistical
significance, in every trial, we sum up the task completion time of all the robots.
We found that VARMAL performed significantly better than all the baselines
except VARIL, where 0.01 < p —walue < 0.05. Finally, in comparison to the
total robot wait times, the wait times for robots in VARMAL were significantly
shorter than the baselines. All of these results support Hypothesis-I which states
VARMAL improves the human-robot team’s task completion efficiency.

Policy Evaluation: We have compared VARMAL with the visualization policies
of VARIL. Figure 7.2 shows the number of episodes on the x-axis and the cumu-
lative reward on the y-axis. From the figure, it can be observed that VARMAL’s
early policies had negative rewards. This is because the agent incurred the living
cost of the visualizations, as well as the start and end costs frequently. As the pol-
icy of VARMAL evolves, the agent learned to balance the visualization frequency
leading to higher rewards. Furthermore, the figure shows that VARMAL’s reward

grew closer to VARIL’s reward and reached a peak at about 18000 episodes. Even
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though the rewards for VARIL were higher, it was expected because we deployed
the final policy of VARIL learned from human expert demonstrations. The figure
indicates that VARMAL was successful in learning a meaningful policy without
the human demonstration dataset, achieving near-optimal performance in learning

visualization policies for human-multi-robot teams.

7.3 Summary

In this chapter, I present our framework, VARMAL (Visualizations for Aug-
mented Reality using Multi-agent Learning), that for the first time introduces a
MARL-based AR visualization strategy for human-multi-robot collaboration. The
framework learns a decentralized visualization policy which is then deployed in a
centralized manner, where the AR agent dynamically selects a visualization ac-
tion based on its local observation. We have compared VARMAL with various
baselines from the literature and the results suggest that VARMAL increased
the collaboration efficiency of human-multi-robot teams in team task completion
time. Moreover, additional studies with comparison to the policy learned from
human expert demonstrations, suggest that the AR agent of VARMAL learned a

near-optimal policy from reinforcements.
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8 Benchmark Simulation Platform for

AR-mediated HRC

In this chapter, I present the open-source benchmark simulation platform that
for the first time enables the simulation of the human-multi-robot collaboration
and their interactions mediated by AR. The simulator consists of many robotic
platforms and virtual human models with task and motion planning capabilities,
a few virtual AR devices, and many interactive objects. This contribution tackles
the proximate communication type, where humans and robots are collocated, and
we provide three different environments each with unique human-robot collabora-

tive tasks.

8.1 Introduction

Robots are increasingly ubiquitous in our everyday environments including
offices, warehouses, hotels, as well as homes. The advancements in robot au-
tonomy have enabled the robots to execute long-horizon tasks without the need
for human supervision. While the robots can accomplish a wide variety of tasks
autonomously, there are still scenarios where the robots need human help. For hu-
mans and robots to collaborate, they need to efficiently convey their state, as well
as their intentions. Human-robot Interaction (HRI) is a field of study dedicated

to understanding, designing, and evaluating robotic systems for use by or with
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humans [1]. Researchers have designed different modalities of communication to
enable robot and human teammates to exchange information.

Augmented Reality (AR) has provided a communication medium to convey
critical spatial information between humans and robots [163]. Our world is by
default 3D in nature, so leveraging spatial information can enable human-robot
teams to better correlate the shared information to their environment. The grow-
ing attention to Augmented Reality/Virtual Reality based HRI can be witnessed
with the emergence of the VAMHRI community in recent years [185]. Researchers
have designed different AR-based systems to enable humans to understand the
internal state of the robots [70]. AR has also been utilized to convey the robot’s
motion intent to the human counterpart [65, 186, 187]. Recently, AR has been
leveraged in human-multi-robot teams towards increasing the efficiency of human-
robot collaboration [163].

Several challenges arise when evaluating human-robot systems in the real
world, which include safety implications, the additional burden of managing robotic
hardware, costs, etc. These challenges aggravate when working with human-multi-
robot systems, which can impede the appropriate evaluation, and in turn the de-
ployment of these systems in the real world. To alleviate these issues, researchers
have developed several simulation platforms that can facilitate the extensive evalu-
ation of human-robot systems. When integrating AR in the human-robot systems
loop, the complexity of the system increases, and AR introduces new challenges
like user motion sickness, user fatigue, etc. Simulating AR can enable quick pro-
totyping of the interfaces while reducing the need to deploy low-ranked interfaces

from the evaluation conducted in simulation to attenuate the challenges associated
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with AR. One of the major advantages of simulating AR is to enable learning in
While the existing simulators support the simulation of human-robot teams, they
all lack the AR component which motivates our research in this direction.

Very recently, researchers have developed simulators that try to integrate AR
visualizations in simulated environments [75, 139, 137]. But all of these existing
simulators do not provide an actual simulation of AR visualizations, where the
visualizations only work when the AR objects are in the field of view, which lim-
its the capabilities of using actual AR visualizations. To address the limitations
of the existing simulators, we develop, Multi-Agent Augmented Reality Simulator
(MAARS), which enables the simulation of the AR agent that provides a com-
munication medium within human-multi-robot teams. MAARS will enable fast
prototyping of AR visualization techniques, and enable extensive evaluation to
facilitate the quick implementation of robust AR interfaces. Moreover, MAARS
will serve as a benchmark for the growing community of AR and HRI researchers,
and accelerate the research towards bridging the gap between research conducted
in the lab, and the deployment of these systems in the real world.

The benchmark platform consists of three different environments (shopping
mall, office, and warehouse), each with a pre-designed human-robot collaboration
task. Additionally, the platform consists of different robotic platforms for the robot
agents (turtlebot, four-legged spot robot, fetch robot, and segway-based mobile
manipulator) with task and motion planning capabilities. MAARS also provides
several models for virtual human agents with perception capabilities along with
task and motion planning capabilities. Finally, MAARS consists of different types

of AR agents (2D screen-based devices like tablets, and AR headsets), as well
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as the implementations of several AR interfaces from the literature. All the pre-
designed tasks in the environments support quantitative evaluation by storing the

task-related metrics.

8.2 MAARS Architecture

MAARS enables the simulation of multi-robot human collaboration behaviors
mediated by Augmented Reality. In this section, we describe how we simulate the

three different agents of the MAARS simulator:

e Multi-robot teams

e AR devices

e Virtual humans

We also describe the interaction of these agents with each other, and with the

simulated environment.

8.2.1 Simulation of Multi-Robot Systems

MAARS can simulate multi-robot teams that collaborate with other, with the
environment, and also with the other agents in the environment. Every robot has
its own task planner, and a motion planner that enables it to execute tasks in
the environment. MAARS supports different robotic platforms including Turtle-
bot2, Fetch robot, four-legged SPOT robot, and a segway-based mobile manipu-

lator (Figure 8.2.1).

Motion Planner: The motion planner in MAARS is based on the Unity NavMesh (short

for Navigation Mesh) [165] which enables the robots to navigate while avoiding
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Figure 8.1: Different robotic platforms available in the MAARS simulator.

obstacles as well as other agents. A NavMesh is a data structure to describe the
navigable surfaces of the environment and allows the robot to find a path from one
navigable location to another in the environment. For every environment, MAARS
provides a pre-generated NavMesh, as well as an API to generate NavMesh at run-
time because the environments are configurable, and need an updated NavMesh

when the default parameters of the environment are modified.

Task Planner: We have a centralized task planner, which allocates tasks from
a set of remaining tasks in the task pool. The robots constantly share their task
information with their human counterparts while working on their tasks. The
human counterpart can provide feedback on the tasks, and based on the feedback,
the robots can adapt to the feedback by triggering replanning. Such replanning
enables the robots to generate a plan at runtime that addresses the feedback of

the human counterpart.
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8.2.2 Simulation of AR devices

One of the key contributions of the MAARS simulator is the simulation of
the AR agent. MAARS simulates two different kinds of AR agents, 1, AR tablet,
and 2, AR glasses, to address different use cases. In the real world, AR agents
use a camera to track the actual world, and overlay augmented objects at specific
locations to provide a composite view to the humans. Similar to real AR devices,
we use a simulated camera that captures the simulated world and displays it using
the AR agents’ screens. While the AR tablet agent consists of a large screen, where
the human can see the live feed captured using the camera, the AR glasses agents,
are designed to mimic the FOV of view of human eyes, and display the live camera
feed similar to human FOV.

The AR agents have a 6 degree of freedom to enable the human to move these
AR agents around in the 3D space. The reason behind creating two different types
of AR agents is the availability of two different classes of AR devices available in
the real world. We create the AR tablet agent to mimic the mobile AR devices,
while the glasses fall into the class of wearable AR devices. On the one hand, AR
mobile devices require the human to occupy one/both of their hands while using,
they can be used in a passive manner, where the AR device can rest on a surface,
while on the other hand, the wearable devices provide the flexibility of hands-free
usage at the cost of comfort since wearing such devices for long periods of times
has a number of issues.

The simulated AR agents act as a mediator between the team of robots and the
humans. On one hand, the AR agents help the human to track the status of the

team of robots, while on the other hand, the feedback from the human operator
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is communicated back to the team of robots to enable them to replan based on
the human feedback. The bidirectional communication of AR devices is facilitated
by the different APIs created in MAARS. Currently, the AR agents in MAARS
receive the following input from each robot, 1, Live location, Current plan, and 3,
Robot type. Based on this input, the AR agents augment different 3D objects to
enable the human operator to visualize the status of the robots, and their future
intentions. From the human side, the AR agents, take the human feedback if
available, and relay them back to the team of robots. In the next subsections, we
describe the different 3D visualizations available in MAARS to visualize robots’

status, as well as the status of the environment.

Different visualizations seen in AR agents: Once the Unity receives the live
locations and robot plans, they are overlayed onto the simulation environment. We
use 3D robot models to show the live locations, while we use trajectory markers
to show the plans of the robots in Unity. Since both the Unity and Gazebo
environments are identical, the locations and plans of the robots from Gazebo are
easily overlayed in Unity.

To visualize the robots’ current states (live locations) and intentions (motion
plans), we design two types of AR devices, a tablet, and an AR headset. Similar
to a real-world AR device, the AR devices in Unity, also have a screen that can
be used by the virtual human to visualize the AR content. Also, the AR devices
have a real camera to capture the simulated environment and then place the AR
content over the camera feed. The field of view (FOV) of the AR devices can be
tuned, but as per the realistic devices, the FOV of the AR tablet’s camera is set

to 90 degrees, while the FOV for the AR headset’s camera is set to 110 degrees.
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8.2.3 Why simulating AR is not straightforward

Several robotic simulators that provide mixed-reality functionality do not en-
able the visualization of virtual objects that are occluded. In the real world,
humans can visualize virtual objects (robot plans or locations) even through ob-
stacles because the virtual objects are overlayed over a live stream of the real
world. This enables humans to see-through walls or other obstacles which helps
to track the status of the robots in complex multi-room environments too. One
straightforward approach could be to make the walls transparent to provide the
functionality of making the virtual objects visible through walls, but this fails
if the virtual object is behind anything other than the wall. Moreover, increas-
ing the transparency of any object in the simulated environment will also lead
to a mismatch in the actual visualization of the virtual objects due to a layer of
transparent objects on top of the virtual objects. Finally, the biggest problem in
making the walls transparent is visual clutter because the human will see all the
3D objects behind the walls, and distinguishing AR objects amongst them is very
difficult.

Our approach to providing AR functionality in the simulator mimics the nature
of AR devices in the real world. All the virtual objects are overlayed on top of the
simulated environment, enabling the virtual human to see-through obstacles and

track the robots.

8.2.4 Simulation of Virtual humans

To interact with the robots, we model the third type of agent in MAARS which

are the virtual humans that can perceive as well as actuate in the environment.
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Figure 8.2: Different virtual human avatars available in the MAARS simulator.

The human agent leverages a similar task and motion planner as the multi-robot
agent teams. While the human agent has its’ own set of tasks, we also design
scenarios where the human agent collaborates with a team of robots to complete
a common task. The human agent can also move around in the environment
while utilizing the AR agents’ capabilities. MAARS showcases the use of both
the AR tablet agent (Figure ) as well as the use of AR glasses agent (Figure )
in the bundled environments. The human agent in MAARS is designed using 3D
humanoid avatars providing a range of joints that can be actuated, for example,
the legs for moving in the environment, and the hands to interact with the objects
in the environment. Similar to the AR agent, the human agent also consists of a
camera that mimics the functions of the eyes. Moreover, we use a 110-degree FOV
for the human agent’s camera which is similar to those of the real-human FOV.
The human agent can move its head to look around in the environment using this
camera. The camera enables the human agent to perceive the environment and
visualize the information shared using the AR agents. The human agent is able to
carry a soda can, open a door, or even perform a box handover with the robots.

Another key contribution of MAARS is how the human agent interacts with the
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environment by utilizing the AR agents’ capabilities. Firstly, MAARS constantly
tracks the human agent’s head to know where the virtual human is currently
looking in the environment. MAARS also tracks the focus of the human agent to
narrow down the region of interest in the wide FOV of the human agent’s camera.
In the next subsection, we describe how we model the perception in the human

agent.

Perception of human agent: MAARS human agents can visualize the envi-
ronment directly with their camera or visualize the environment through the AR
agent’s visualizations. Since AR visualizations are overlayed over the environment,
it is vital that the human agent can differentiate between the objects observed di-
rectly and via the AR agent. Such differentiation can enable the researchers to
understand if the 3D object is occluded by another object, and how the human
agent’s behavior is affected with and without the use of visualizations provided
by the AR agent. For this, we design a simple algorithm that enables MAARS
to differentiate if the human is looking at a real or an augmented occluded 3D
object.

The algorithm initially tracks all the objects in the FOV of the human agent.
Then, for every object in the FOV, we calculate the actual distance between the
human agent’s camera and the 3D object. Once, the distance is calculated, a laser
beam is used to point from the human agent’s camera towards the current 3D
object. The laser beams in Unity return the distance where the first 3D object
was hit in the path of the beam. Finally, we compare the actual distance and the
distance where the laser beam was hit, and if the distance is less than the actual

distance, the object is occluded by another object.
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In the next subsection, we briefly delineate how researchers can leverage AR

information to influence the behavior of the human agent.

Human agent behavior modeling: MAARS enables the human agent to utilize
AR information to decide how it interacts with the environment. Consider a
simple scenario where there are two workstations in the environment that can be
used by either the human agent or a robot agent at a given time. If the human
agent can track where the robot agent is heading using the AR visualizations, the
human agent can avoid running into the robot agent, and effectively decide which
workstation it should visit. AR visualizations can also be used to build synergy
where a human agent can observe the AR information to track the robot agent,
and decide the next location so that it can navigate to the robot’s location. The
human agent in MAARS can also provide feedback using the AR agent. Again,
such behaviors can enable the team of robot agents to take the human agent’s
feedback into consideration and may lead to synergies.

Now, in the next subsection, we describe the three different environments that

we built to enable human-multi-robot collaboration behaviors.

8.2.5 Simulation of the Environments

We have designed three different environments to diversify the use cases of
the simulator including an office environment, a warehouse environment,
and a shopping environment. Figure 8.3 shows all three different environ-
ments including the three agents of the MAARS simulator. Now, we will describe
the different tasks designed for each environment to enable human multi-robot

collaboration behaviors.
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Office environment: We created an office environment, where a virtual human
worked on its own task of solving a Jigsaw puzzle (designed to imitate an assembly
task). On the other hand, a team of robots worked on a delivery task, where the
robots had to pick up objects from designated locations, and drop them at a drop
station (a room where the virtual human was working on its tasks). We designed
a human-robot collaboration scenario, where the virtual human helps the robots
by opening the door, and letting the robots enter the drop station. The role of
AR here is to enable the virtual human to track the status of the robot, and help
the robots when needed. Since the virtual human is also doing their own task,
the information obtained using AR enables the human to efficiently decide when

to open the door to avoid affecting its’ own task time.

Warehouse environment: One of the other environments simulated in MAARS
is a warehouse environment, where a team of robots works alongside humans. The
warehouse consists of a number of shelves, and each shelf consists of several boxes.
The warehouse also consists of a number of drop stations, where the boxes need
to be dropped. The warehouse environment consists of different parameters that
allow scaling the number of shelves, the number of robots, the type of robots,
as well as the number of drop stations. Such scaling can enable the researchers
to train policies on different sizes of warehouse, while it also provides a way to
replicate the size of a real warehouse to facilitate sim-to-real transfer. The robots’
task in the warehouse is to pick up the assigned boxes from the shelves, and drop
them at the designated drop stations. The task of the virtual human is to help the
robots unload the boxes at the drop stations. Since there are a number of drop

stations where the robots might possibly wait for the virtual human for unloading,
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(¢) Environment 3: Warehouse

Figure 8.3: Different pre-designed environments of the MAARS simulator.

the virtual human tracks the robots using AR device to know the locations of the
robots. Using such information, the virtual human can efficiently decide which
drop station requires its attention, leading to a decrease in robot wait time, while

increasing the efficiency of human-robot teams.

Shopping environment: Another use case that we designed, is a shopping mall
environment where the virtual human can order from different vendors. We de-
signed realistic outlets for vendors that contain a number of interactable objects.

An example of interactable objects can be seen in Figure 8.3 where a robot is car-
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(b) First-person view of the virtual human tracking robots in AR

Figure 8.4: Figure shows the top view and the first-person view of the virtual
human for the warehouse environment, where the virtual human can leverage AR
to track the status of robots.

rying a can of soda to a virtual human. We designed different AR visualizations
that assist the virtual human to order from different vendors. The virtual human
can look around to see the floating names of different vendors, their products, and
the estimated time of delivery for them. Once, the order is placed, the virtual
human can track the location of the delivery robot, the path taken by the robot,
as well as the estimated time it will take for the delivery. We designed this envi-

ronment to showcase how AR can help us to complete the simplest of tasks such
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as ordering. We believe such environments can foster researchers to experiment

with different visualizations in shopping use cases.

Example of MA ARS simulator: We provide a short example of the functioning
of the MAARS simulator, where a human collaborates with a team of robots in
the warehouse environment. The virtual human uses a simulated AR headset to
track the status of the robots. The task for the human-robot team is the same
as described in the warehouse environment details. Figure 8.4(a) shows the top-
view of the environment with the team of robots working on delivery tasks, and
their AR visualizations. A virtual human tracks the status of the robots, and
helps them unload boxes at the drop stations. The first-person view of the virtual

human can be seen in Figure 8.4(b).

8.3 Summary

In this chapter, I present our open-source simulator that enables the simulation
of human-multi-robot teams working on collaborative tasks, and their interactions
mediated by AR. Our simulator provides many robotic platforms and virtual hu-
man models with task and motion capabilities, a few virtual AR devices, and many
interactive objects. Our novel simulator could serve as a benchmark platform for
the AR-HRI community to advance the research without the need to explicitly
run experiments on real hardware all the time. Moreover, the benchmark plat-
form consists of tasks that can serve as the base for the research community to
compare their research to the state-of-the-art AR-based algorithms and interfaces

in a common setting.
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9 Conclusion

In this chapter, I conclude the dissertation and provide a summary of the con-
tributions toward bridging the observability gap in human-robot teams by lever-
aging AR visualization policies.

A novel framework, called, ARROCH, was designed to enable bi-directional
human-multi-robot collaboration. Additionally, the framework enables the human
teammate to give feedback on the robots’ plans. Finally, the feedback is utilized
toward replanning leading to better collaboration efficiency. The AR interface of
ARROCH improves the observability of the human over the team of robots by
providing the robots’ current and future task-related information. On the other
hand, the robots’ observability over the human’s task is improved by utilizing the
feedback from the human.

ARROCH employed a static visualization policy, that constantly provided all
the visualization for a team of robots. With the increase in the number of robots,
the visualizations can be overwhelming for the human teammate to track the sta-
tus of the robots. Toward overcoming these limitations, we designed a framework,
called VARIL, that learns a visualization policy for human-multi-robot teams.
The visualization policy was learned using imitation learning, where a human ex-
pert provided demonstrations to train the visualization policy. VARIL enhances

ARROCH visualizations, and bridges the observability gap by reducing the dis-
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traction level of human users, and increasing the efficiency of human-robot teams.

While VARIL was the first work in the literature to learn AR visualization poli-
cies, several issues related to imitation learning entail VARIL. To address these
issues, I designed a framework called, VARMAL, that leverages multi-agent rein-
forcement learning to learn AR visualization policies. Since we have a multi-agent
environment, agents can leverage their skills to collaborate to learn visualization
policies toward elevated human-robot collaboration. The visualization agent of
VARMAL, interacts with the environment and other agents, and learns a policy
by reinforcement resulting in the elimination of the need for expert demonstrations
which are needed in VARIL. VARMAL was compared with several baselines from
the literature, and the results suggest that VARMAL enables efficient human-robot
collaboration, while also decreasing the visual clutter.

Apart from bridging the observability gap for human-robot teams in a shared
environment, I designed another framework, called, GHAL360, that leveraged AR
visualizations to elevate human-robot collaboration in shared embodiment scenar-
ios. GHAL360 enabled the human operator to remotely teleoperate a robot, while
enhancing the human operator’s situational awareness of the remote environment.
We leveraged reinforcement learning to learn a visualization policy that guides
human attention to areas of interest outside the FOV of the human, bringing the
observability of the human operator, a step closer to robot’s observabilities.

The contributions of this dissertation have a shared goal of bridging the ob-
servability gap in human-robot teams, where each of the contributions tries to
bring observability a step closer to full observability by approaching the problem

in different dimensions.
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10 Future Work

In this chapter, I discuss possible future directions in which I can extend my
current research for bridging the observability gap in human-robot teams in both

the proximate and remote communication scenarios.

ARROCH, VARIL, and VARMAL: In my ARROCH, VARIL, and VAR-
MAL contributions, we use a simple virtual human perception model, but moving
forward, I would like to investigate the rich literature of human psychology to
motivate the design of complex human-like perception behaviors. Leveraging the
knowledge of human psychology, we can also investigate how different types of vi-
sualizations, their colors, and sizes, affect the attention span of humans to model
a realistic virtual human for generating our human-robot collaborative behaviors.

Another dimension I want to investigate is how AR can be leveraged for human-
robot collaborative tasks, when the tasks can be transferable because, in our
current studies, we assume that the tasks are non-transferable between human and
robot teammates. I am interested to study how AR interfaces can enable human
and robot agents to share their intents and feedback when complex collaborative
tasks like assembly are carried out in a shared environment with transferable tasks.

One more research direction, I want to explore is the difference in human spa-
tial understanding, user experience, and collaboration efficiency between different

types of AR devices like AR headsets, handheld mobile devices, and tablets. Also,
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I want to evaluate how the different visualizations affect the human in terms of
motion sickness, visual clutter, and the feasibility of using these devices when the

human is working on its’ own set of tasks while working alongside robotics.

MAARS: In the future, I plan to create a cloud-based architecture of MAARS,
enabling the researchers to create many parallel instances of the simulation and
allowing them to perform large-scale learning-based experiments. I would like
to add more modalities of communication in MAARS including dialogue, and
eye gaze, to test different algorithms involving multi-modal communication [188].
Such a cloud-based multi-modal interaction simulator can help researchers working
outside the AR field to quickly integrate new modalities in their systems.

Another direction we want to explore is enhancing the perception capabili-
ties. Currently, MAARS simulates monocular cameras for robots, and we want to
explore the use cases with 360-degree cameras. This will lead to the simulation
of robust virtual humans and robots by integrating object segmentation, detec-
tion, and other computer vision techniques that can also support training using
reinforcement learning-based algorithms on raw perception data.

Moreover, we want to extend MAARS from the current proximate communica-
tion environments and include remote communication, where the human and the
virtual robots will be spatially separated. Extension of MAARS to telepresence
environments will allow a human operator to control and track a team of robots,
and then remotely access the robots to provide help on an as-needed basis. This
will open up new avenues to test telepresence systems that can enhance human

situational awareness in varied human-robot collaboration scenarios.

GHAL360: I would like to implement and evaluate GHAL360 on a real robot and
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conduct studies with human participants for subjective analysis. This will lead
to new challenges where the learned visualization policy needs to assist humans
in real-time, and the transfer of 360-degree videos requires extensive bandwidth
leading to the transfer of low-resolution images in low-bandwidth scenarios. In
case of a discrepancy in the visualization policy, I plan to use real-time human
feedback to improve the visualization policy.

Currently, the scene analysis component does not go beyond object detec-
tion in the current implementation of GHAL360. We would like to study if and
how advanced scene analysis methods, such as those based on graph neural net-
works [189], can contribute to the system. Finally, our current controller suggests
the robot to follow the human’s intention, which can possibly be improved using a
planner to actively guide the human’s attention toward the direction of the target

object, even when the object is not present in the immediate surroundings.
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