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There is great potential for humans and autonomous robots, each possessing their own ca-

pabilities and strengths, to perform tasks collaboratively across a number of domains, achieving

greater performance than either could on their own. As is true for human-human teams, however,

human-robot teams require a great deal of coordination. In shared tasks complex enough to see

emergent benefits from teamwork, high-performing teams tend to possess well-aligned mental mod-

els regarding the task and each member’s role within it, quickly communicating to rectify those

models during times of mismatched expectation. To achieve the same benefits in human-robot

teams requires a similar fluency of communication. However, since robots and humans reason in

vastly different planning spaces, communicating effectively is non-trivial. Robot plans and ratio-

nale are often derived from mathematical optimization, which is difficult for human teammates to

understand. Likewise, human decision-making patterns are difficult to quantify and are subject to

significant noise, hindering their usefulness for optimization-based planners. Team fluency can be

greatly improved by bridging human and robot task representations within the context of communi-

cation. In this thesis, I will discuss my research developing novel systems, algorithms, and interfaces

for explicitly synchronizing mental models via agent-to-agent communication during live human-

robot collaboration, spanning tasks ranging from tabletop manipulation to environment navigation

and search. In particular, I will focus on spatially-grounded communication methods (augmented

reality-based visualization presented in-situ at key locations within a shared environment, and nat-

ural language communication tied to such spatially-grounded features). Such methods leverage

shared context between human and robot teammates, allowing for compact bi-directional commu-

nication of environment and task information, thus facilitating the alignment of mental models

between agents and improving objective and subjective measures of team performance.
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Chapter 1

Introduction and Literature Review

1.1 Motivation

Robotic deployments have traditionally fallen into one of two distinct operational paradigms:

autonomy or teleoperation. Both have well-established niches throughout the landscape of robotic

domains. Some mobile robots (Roombas, self-driving cars) can operate autonomously, while others

(bomb disposal robots, space probes) are typically commanded remotely by a human operator.

Likewise, for manipulation tasks, assembly lines often employ autonomous robotic systems, while

in operating rooms, surgical robots are teleoperated by a human surgeon.

However, these approaches have inherent weaknesses - autonomous robots often struggle

with complex and under-de�ned domains, and can fail in unexpected and potentially catastrophic

ways, especially when encountering abnormal scenarios outside their programming or training data.

Teleoperation, on the other hand, is not an e�cient use of resources, bearing large labor and

communication costs which limit scalability, while also being ine�ective and unwieldy for many

tasks. In an attempt to alleviate these weaknesses, a third paradigm has received much attention

in the past twenty years: humans and robots working together as teammates [189, 185, 71].

The key insight here is that humans and autonomous systems excel at di�erent things [79].

By appropriately leveraging each agent's specialized capabilities for joint tasks, team performance

can exceed that of teams comprised solely of human or robotic agents. Simply integrating humans

into the types of multi-agent planners seen in robotics is extremely di�cult, however, since the

inherent uncertainty of human behavior hinders e�cient optimization. Just like in human-human
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teams, when the shared task is complex enough, no teamwork, and thus no performance gains, can

be exhibited without plan synchronization. To achieve this, teammates must establish a shared

mental model regarding the task and each member's role within it [249].

In this thesis, the term `mental model' refers to any abstract representation of reality that

is used for reasoning and making decisions within a given environment [278]. Though the term

originates from human psychology, it can easily be extended to represent the diverse task and

environment representations held by robotic agents, which are explicitly de�ned, as well as the more

implicit representations and thought processes used by humans. The concept of a mental model is

a slightly broader form of the related term `situational awareness', which refers to understanding of

an environment and its changes over time within the context of decision-making [73]. In addition

to possessing well-aligned knowledge of an environment, referred to as achieving shared situational

awareness [188], teammates with shared mental models are also well-aware of their counterparts'

decision-making and roles as they evolve within a joint task.

The degree of mental model synchronization among teammates is highly correlated with

team performance [171]. Unlike human-human teams, though, robots do not yet have access to

the implicit social and communication skills that allow teammates to e�ciently synchronize mental

models with each other [44]. An e�ective robot teammate should maintain an explicit, formal model

of each agent's conception of the task in progress and its related uncertainties, using communicative

acts to rectify and synchronize those models whenever they diverge.

A central problem to address for robot-to-human communication is translating back and forth

between the \languages" each agent understands with respect to planning: the states, actions, and

mathematical optimization of reward functions for robots, and the language, visualizations, or

behavior that are interpretable by humans. Finding compact ways to facilitate this translation is

at the core of my research.

The end-goal of this process is bidirectional - not only do we want humans to correctly inter-

pret otherwise opaque robot behavior and understand sources of environmental or plan uncertainty,

we also want the act of communication to psychologically nudge human behavior in ways bene�-
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cial to team performance [255], especially in domains where robot teammates possess knowledge

or expertise that human teammates do not. For example, we may want humans to behave more

predictably, in order to aid in multi-agent optimization. In domains where robot decision-making

is not always optimal, we may also want to adjust the content of communications conditioned on

the robot's con�dence level, nudging humans to accept robot actions or guidance in regions of

high con�dence without much mental e�ort, while nudging humans to think more critically and

e�ortfully in regions of low con�dence [130].

One technique I employ throughout this thesis is augmented reality (AR) visualization, a

technology whose capabilities have already been demonstrated across a number of robotic domains

[209, 267, 39]. AR possesses the unique ability to project data directly onto the environment.

This in-situ visualization gives shared environmental context for human and robot teammates, in

essence providing features for free and enabling compact and interpretable visual communication.

What's more, since AR visuals can be projected through a head-mounted display, there is no need

to context switch to a di�erent screen to receive and interpret incoming information [97, 115]. I

also take inspiration from the �eld of explainable AI (xAI), whose techniques have been shown not

only to increase human understanding of opaque learning models [105, 29], but also to promote

team 
uency and improve shared awareness in human-robot tasks [37, 35, 246].

The work presented in this thesis introduces a variety of novel computational methods and

interfaces for explicitly synchronizing mental models between human and robot teammates. My

work leverages spatially-grounded communication modalities (augmented-reality enabled visual in-

terfaces, presenting information in-situ at key locations within a shared environment, as well as

natural language communication tied to those spatially grounded features) to improve human-

robot team 
uency and performance across multiple partially observable, collaborative domains.

These domains include interaction with mobile aerial robot teammates in warehouse ful�lment and

environmental search tasks, and interaction with manipulator robots in tabletop assembly tasks.
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1.2 Thesis Statement

In human-robot collaborative tasks in uncertain environments, the maintenance of well-

aligned mental models between human and robot teammates regarding the shared task and each

agent's role within it has the capacity to greatly improve team performance. Bidirectional, spatially-

grounded communication interfaces can be leveraged to improve this mental model alignment during

real-time interaction, by:

(1) Visualizing robot intentions and decision-making, helping to reveal mental model discrep-

ancies between human and robot teammates.

(2) Enabling expert humans to correct a robot's mental model through the injection of new

information, thus improving robot performance.

(3) Enabling expert robots to correct a human's mental model through the provision of ex-

plainable guidance and justi�cations, thus improving human performance.

1.3 Overview

The remainder of Chapter 1 will present a comprehensive overview of literature on the use

of mental models in human-robot teaming, largely as presented in our article entitled \A Survey of

Mental Modeling Techniques in Human-Robot Teaming" published in Current Robotics Reports

[249]. Next, Chapter 2 describes a novel augmented reality interface called ARC-LfD, which

allows human operators to teach new skills to robots via learning from demonstration, visualize

those learned skills in environmental context, and adapt those skills to changing environments and

task setups [158].Chapter 3 introduces a pair of augmented reality interfaces designed to make

human motion in close proximity to robot teammates more predictable, thus enhancing safety and

team 
uency, and allowing for improved human modeling in a shared tabletop assembly task [258]

and a shared warehouse stocking task [40].

Chapter 4 introduces a multi-agent algorithm for environmental search tasks called MARS,
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handling both the command of robotic agents, as well as the provision of explainable guidance

to human teammates, delivered via augmented reality interface [250]. The chapter concludes by

introducing a hierarchical variant of the MARS algorithm called H-MARS, which is capable of

adjusting the granularity of its guidance to the current phase of search, simplifying both guid-

ance and computation, and allowing for the algorithm's use in large, unstructured environments

[251]. Chapter 5 builds upon the �ndings of Chapter 4 by presenting a method for autonomously

generating and timing multi-modal justi�cations of robot-provided guidance during periods of mis-

matched expectation, enhancing human compliance with robot teammate suggestions [160]. Lastly,

Chapter 6 summarizes the contributions of this thesis and suggests directions for future research

stemming from its �ndings. Each chapter describing novel research begins with a \Motivation"

section, indicating how that research �ts within the broader context of the thesis.

1.4 Literature Review

1.4.1 Introduction

Traditionally, robots have worked separately to humans. Even in potentially collaborative

environments like manufacturing, industrial robots most often operate in physically separated sec-

tions of the assembly 
oor. This work scheme of rigidly divided responsibility and prohibited

human-robot interaction (HRI) prevails for reasons of safety and simplicity, but limits applications

of these robots to strictly de�ned, well structured, repetitive tasks [74]. Advances in autonomy are

rapidly improving robots' ability to interact with, and even directly collaborate alongside human

teammates, opening up a wide range of new and impactful applications that leverage the unique

skills of human and robot alike [189, 183, 71, 206].

A key aspect of e�ective and 
uent teamwork among humans is maintaining awareness of

what teammates are likely to do or need, so as to coordinate actions. Humans tend to be adept

at this task, able to communicate plans and preferences easily understandable by their teammates

[44]. Robots, however, do not have the bene�t of human intuition. They must instead rely on
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explicit mathematical formalisms in order to approximate the mental states of human teammates

and plan accordingly. This literature review focuses on characterizing recent work in developing

these formalisms, known asmental models . In the following sections, we discuss the context and

aims of mental model research for human-robot teaming, as well as describe and categorize the

common methodologies, usage, and evaluation of such techniques.

1.4.2 Mental Models

Mental models, also referred to asmental representations in psychology, are organized

knowledge structures that allow individuals to interact with their environment [278]. Although the

mental model has been used as an explanatory mechanism in a variety of disciplines over the years,

its root can be traced back to twentieth-century psychology and epistemology. In 1943, Kenneth

Craik posited in his seminal work that the mind provides a \small-scale model" of reality, enabling

us to predict events [54]. In essence, mental models serve the crucial purpose of helping people

to describe, explain, and predict events in their environment [171]. Since then, mental models

have gained popularity in the human factors community for their e�ectiveness in eliciting and

strengthening teamwork 
uency for complex task execution, such as in tactical military operations

[50, 169]. Inspired by this success, several architectures for HRI have since replicated this 
uency

and teamwork by developing mental modeling techniques for robotic agents that operate in human-

populated environments.

In HRI literature, the concept of mental modeling is often con
ated or used interchangeably

with another important concept in developmental psychology: Theory of Mind (ToM). To be

capable of ToM simply denotes an ability to attribute thought, desires, and intentions to others

[200]. Theory of Mind is crucial for everyday human social interactions (e.g., for analyzing, judg-

ing, and inferring others' behaviors), with evidence that typically developing humans exhibit this

capability by the age of 5 [93]. Accordingly, several architectures for human-robot teaming in HRI

incorporate aspects of a ToM for other agents [63, 288, 94, 219, 152, 186].

In general, mental models and ToM go hand in hand during human-robot interaction, as a
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robot modeling other agents is analogous to having an agent with a ToM capacity. Furthermore,

it leads to an interesting phenomenon during human-robot teaming as humans also form a ToM

directed at their robot teammate. Therefore, mental modeling enables a phenomenon where a

robot may form a belief over a human's mental model of the robot. This meta modeling is de�ned

as second-order mental modeling which enables robots to estimate how a human's mental model is

a�ected by its own behavior [25]. Thus, current work in mental modeling for human-robot teaming

can be broadly classi�ed into �rst-order (or standard) or second-order mental models.

We can see how e�ective mental models correlate with team functioning: team members

predict what their teammates will do or need, facilitating the coordination of actions. Prior studies

in the human factors community demonstrate a positive relationship between team performance

and similarity between the mental models of team members [171, 21, 176]. This implies that

shared understanding of the team is a crucial factor of e�ective team performance (i.e., team

members should have a shared mental model). Shared Mental Model (SMM) theory states that

team members should hold compatible mental models that lead to common expectations for shared

task execution to avoid failure [49, 128]. To summarise, if a mental model helps in describing,

explaining, and predicting the behavior of a system, a shared mental model serves the purpose of

describing, explaining, and predicting the behavior of a team.

1.4.3 Mental Models in Human-Robot Teaming

Teamwork is the collaborative e�ect of a group's e�ort toward achieving a common goal [216].

In the mental modeling literature, collaborative tasks are often broken up into smaller submodels

representing components of e�ective teamwork, such as models of task procedures and strategies,

models of inter-member interaction and information 
ow, or models of individual team member

skill and preferences [171].

These various types of mental models and their incorporation of shared knowledge in teams

help in achieving characteristic traits such as 
uent behavior between teammates, quick adap-

tation to changing task demands, trusting collaborators with roles and responsibilities, e�ective
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communication, and decision making in time-critical applications. Several studies in human-robot

collaboration have attempted to elicit these positive qualities through the use of mental models.

In this section, we present a systematic characterization of desirable traits which can be achieved

through mental modeling in human-robot teaming:

ˆ Fluent behavior : Fluency, as de�ned by Ho�man, is a \coordinated meshing of joint

activities between members of a well-synchronized team" [116]. This quality of interaction,

collaborative 
uency, intuitively means human and robot are well-synchronized in timing,

they can alter plans and actions appropriately, and often without much communication.

ˆ Adaptability : During collaboration, plans change, and team members (both human and

robot) should be able to alter their plans and actions appropriately and dynamically as

needed. Previous studies show that shared or common mental models can be leveraged for

changing task demands for quick adaptation in a team [49, 184].

ˆ Trust building : Trust is a critical element for the success of a team. In human-robot

interaction, studies show that people trust a collaborative robot when they can discern its

role and responsibility, have con�dence in its capabilities, and possess an accurate under-

standing of its decision-making process (a shared mental model) [9, 247].

ˆ E�ective communication : Information exchange, either verbal or non verbal, is pivotal

for collaboration. A collaborative agent can leverage mental models to warn its human

teammate about potential failures or ask for help when it is unable to complete a task

[246, 254].

ˆ Explainability : Knowledge sharing and expectation matching also have importance for

behavior explainability [271, 173, 263]. The recent surge in popularity of explainable AI

(xAI) has shown the crucial importance of agents' ability to explain their decision-making

process, leading to improved transparency, trust, and team performance.
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1.4.4 Mental Model Methodologies

In this section, we discuss successful methods for mental modeling in human-robot teaming

contexts. We organize the literature into three categories: �rst-order (or standard) mental models,

second-order mental models, and shared mental models.

1.4.4.1 First-order Mental Models

In �rst-order mental models, robots model the behavior of human collaborators to infer their

beliefs, intentions, and goals, for the purpose of predicting their actions. Usually, such modeling

can be functionally broken down into two steps which a framework must resolve: 1) the human's

reward function (which motivates the human's behavior in the world), and 2) a planning algorithm

which connects that inferred reward function to robot behavior [8].

One of the simplest approaches is based on the principle of rationality [62, 88]: the expectation

that agents will plan approximately rationally to achieve their goals, given their beliefs about the

world (i.e., they will take actions that maximize their expected reward). One way to infer a

human's reward function is to observe their behavior through inverse reinforcement learning (IRL).

For example, the widely used maximum entropy IRL formulation optimizes a model to �t a reward

function that incentivizes a human demonstrator's actions exponentially more than unobserved

actions [182, 289].

A similar approach to inferring a human's reward function is through inverse planning. Baker

et al. propose a computational framework based on Bayesian inverse planning for modeling human

action understanding. They modeled human decision making as rational probabilistic planning

with Markov decision processes (MDPs), and inverted this relation using Bayes' rule to infer agents'

beliefs and goals from their actions (running the principle of rationality in reverse) [12, 14]. They

were able to extend this method to a Bayesian model of Theory of Mind (BToM), which provides

the predictive model of belief and desire-dependent action (the ToM capacity of the collaborative

human) as a Partially Observable Markov Decision Process (POMDP) [129], and reconstructs an
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agent's joint belief state and reward function using Bayesian inference based on observations of the

agent's behavior [11, 13].

From a planning and decision-making point of view, the noisy rational choice model (also

known as Boltzmann rational) [192, 191] is a popular method in robotics where actions or tra-

jectories are chosen in proportion to their exponentiated reward. Here, it is assumed that the

collaborative agent has access to some underlying human reward function (usually inferred through

IRL or inverse planning approaches). The human is modelled to act rationally with the highest

probability, but with a non-zero probability of behaving sub-optimally [25, 212, 196, 193, 70].

Humans frequently deviate from rational behavior due to speci�c biases such as time pres-

sures, loss aversion, and the like [259]. Furthermore, they are limited in cognitive capacity, which

leads to forgetfulness, limited planning horizons, and false beliefs. Some recent methods attempt

to introduce these inconsistencies to the rational model assumption [234]. Nikolaidis et al. gave

a Bounded-Memory Adaptation Model, which models humans as boundedly rational, subject to

memory and recency constraints, through a probabilistic �nite-state controller that captures human

adaptive behaviors [186]. Kwon et al. used a risk-aware human model from behavioral economics

(Cumulative Prospect Theory) for modeling loss aversion behaviors of humans under risk and

uncertainty [143].

1.4.4.2 Second-order Mental Models

The concept of a second-order mental model is related to a recursive type of reasoning modeled

by game theorists (\I believe that you believe that I believe...") which can be extended to a possibly

in�nite reasoning process [90, 275]. The second-order mental model is one step deeper in behavior

modeling (i.e., a robot forming a belief over a human's model of the robot). Second-order mental

models enable robots to possess more predictable and explicable behavior, as the e�ects of their

actions on another agent's perception of them is included in the model.

Work by Huang et al. modeled humans as learning a robot's objective function over time by

observing its behavior using Bayesian IRL, an inversion of typical IRL paradigms where a robotic
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agent attempts to infer human objective functions. To account for noisy learning behavior from

humans, the authors utilize approximate-inference models. Using this insight, an agent can plan

for actions that communicate to the human so as to be maximally informative, better enabling

humans to anticipate what the robot will do in novel situations [123].

Another approach that has shown promise is the Interactive POMDP (I-POMDP) framework,

which modi�es a traditional single-agent POMDP to include other agents by creating the notion of

an interactive state. An interactive state encapsulates both the environment state and the modeled

belief state attributed to another agent. Brooks and Sza�r use this I-POMDP framework [89]

for performing Bayesian inference of second-order mental models. They estimate the human's Q-

function (a function that helps determine the optimal action given an interactive state) through

IRL and use it to infer the human's belief state about the agent, by comparing it with the human's

actions assuming a Boltzmann rational behavior model [25].

1.4.4.3 Shared Mental Models

Shared mental models enable team members to draw on their own well-structured common

knowledge as a basis for selecting actions that are consistent and coordinated with those of their

teammates. They are strongly correlated to team performance [171]. In this section we focus on

methods employed for establishing a shared understanding between teammates.

One well-known approach in HRI inspired by SMM is work on human-robot cross-training by

Nikolaidis and Shah, which focuses on computing a robot policy aligned with human preference by

iteratively switching roles (between a human and a robot) to learn a shared plan for a collaborative

task [185]. Had�eld-Menell et al. approached SMM as a value alignment problem, ensuring that the

agents behave in alignment with human values. They utilize a cooperative inverse reinforcement

learning (CIRL) formulation, where a robot maximizes a human teammate's unknown reward in

a cooperative, partial information game. They show that solutions within this formalism result in

active teaching and active learning behaviors [107].

Nikolaidis et al. also propose a game-theoretic model of a human's partial adaptation to a
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robot teammate. This method assumes the robot agent knows a \true" utility function for the

team, and the human is following a best-response strategy to the robot action based on their

own, possibly incorrect reward function. The robot uses this model to decide optimally between

revealing information to the human and choosing the best action given the information that the

human currently has [184].

From these well-known models, we can see that establishing a shared mental model requires

communication between agents (except the cross-training method, where agents learn each other's

responsibilities by switching roles). We can separate these communication strategies into two

categories: implicit (e.g., using movement or motion) and explicit (e.g., verbal explanations).

Implicit communicative models (behavior). A popular principle in motion planning for ex-

pressing intention to a collaborator is the notion of legibility. Dragan et al. developed a formalism

to mathematically de�ne and distinguish predictability (predicting a trajectory given a known goal)

and legibility (predicting a goal given an observed trajectory) of motion based on a rational action

assumption for the collaborative human [70]. Kulkarni et al. generate explicable robot behavior by

learning a regression model over plan distances and mapping them to a labeling scheme used by

a human observer, minimizing divergence between the robot's plan and the plan expected by the

human [140].

Another mode of implicit communication is through gesture and non-verbal expression. One

example of this is work by Lee et al. which uses a BToM approach to model dyadic storytelling

interactions [148]. They propose a method for a robot to in
uence and infer the mental state of

a child while telling it a story, speci�cally estimating the child's degree of attentiveness towards

the robot. They model emotion expression as a joint process of estimating people's beliefs through

inference inversion using a Dynamic Bayesian Network (DBN), and subsequently produce nonverbal

expressions (speaker cues) to a�ect those beliefs (attention state).

Explicit communicative models (natural language and visualization). There are numerous

techniques for deliberately generating communicative content to share with a human collaborator.

Model reconciliation processes try to identify and resolve the model di�erences of a collaborator
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through explanations, thereby establishing a shared mental model. These processes lead to pre-

dictable behavior from the collaborative agent: a consequence of explainability [113, 33, 69]. Briggs

and Scheutz's recent work provides a formal framework to correct false or missing beliefs of collabo-

rators in a transparent and human-like manner by using adverbial cues, adhering to Grice's maxims

[99] of e�ective conversational communication (quality, quantity, and relevance) [24]. Additional

recent works also address the generation of these explanations, seeking output that is optimal with

respect to various quantitative and qualitative criteria including selectivity, contrastiveness, and

succinctness [247, 174, 114, 37].

Explicit communication may also include visual information presentation in addition to, or

in place of, natural language [245]. In scenarios where data to be communicated is complex,

evolving, and re-referenced, visual communication has been shown to lead to better comprehension

by a human recipient [60]. Robotic behavior frequently possesses a spatio-temporal component,

which aligns well with the aforementioned criteria. Visualization is frequently used in human-robot

teaming for tasks such as environmental navigation, search and inspection, and fault recovery

[122, 45, 136]. The form factor of provided visualizations is highly dependent on the nature of the

shared task, often taking the form of HUD-style monitor interfaces for tasks with a remote human

teammate [87, 95], while recent work has leveraged augmented reality (AR) interfaces to provide

in-situ visualizations for shared-space collaboration [209, 267].

1.4.5 Evaluation Methods

In this section, we discuss evaluation methods employed in human-robot teaming for each of

the desirable traits characterised in Section 1.4.3.

Team Fluency. Fluency, the metric for well synchronized meshing of joint actions between

humans and robots, is di�cult to measure and optimize in practice [256]. Ho�man and Breazeal

demonstrated that 
uency is a distinct construct to e�ciency through a user study involving an

anticipatory controller (when the robot anticipated participants' actions, task e�ciency was not

improved, but participants' sense of 
uency was increased) [117]. For team 
uency, there exist a
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number of validated subjective metric scales, as well as commonly used objective measures, such as

human and robot idle time, fraction of time spent concurrently working between agents, and delay

times between one agent �nishing a precursor task and another agent resuming that task [116].

Adaptability. Shared mental models o�er a mechanism for adaptability: quick, on the 
y

strategy adjustments by a team. As adaptability is intrinsically linked to performance, the majority

of measures are objective, often treating an adaptable controller as an independent variable to

compare alongside other controllers. Speci�c objective measures vary with the formulation used,

including mean reward accrued [184] and similarity metrics between human and robot notions of

\correct action sequence" in an evolving task [185]. Though there is a notable lack of validated

subjective measures for agent adaptability in HRI, many studies utilize subjective metric scales for

correlated measures such as team 
uency and trustworthiness [116, 185]. Nikolaidis et al. have

additionally showed that accounting for individual di�erences in humans' willingness to adapt to a

robot is positively correlated with trust [186].

Team Trust. Shared mental models promote trust and reliability by alleviating uncertainty

in roles, responsibilities, and capabilities while working in a team. Lee and See proposed a three di-

mensional model wherein trust is in
uenced by a person's knowledge of what the robot is supposed

to do (purpose), how it functions (process), and its performance [149]. Based on previous studies,

robot performance is considered to be the most in
uential factor for trust [109], likely due to the

importance of the agent's ability to meet expectations [145]. Other factors with positive relation-

ships to trust are minimizing system fault occurrence, system predictability, and transparency [150].

Most subjective measures for trust in HRI research are newly created to match individual study

requirements and lack the rigor in development and validation available in standardized scales from

the human factors community. Some well-known standardized scales with high potential for use in

HRI to evaluate a user's trust perception of an agent are the HRI Trust Scale, Dyadic Trust Scale

(DTS), and Robotic Social Attributes Scale (RoSAS) [150, 225].

E�ective Communication. Previous studies show that information exchange and e�ective

communication are important for building trust between team members. These communications
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can be explicit or implicit, as seen in Section 1.4.4. For explicit models, the following qualities have

been found to be positively correlated with trust and teamwork: task-related communications,

contrastive explanations expressing model divergence, and user & context dependent information

(such as providing technical information to an expert, and accessible information to a lay-user) [284,

43, 35]. For implicit models, such as those aimed at plan legibility and explicability, self-reported

understanding of a robotic agents' behavior or goal is a common evaluation metric. Additionally,

subjective metrics are often crafted for individual study requirements, aimed at uncovering related

traits like robot trustworthiness [70, 144, 141].

Explainability. Explainability deals with the understanding of the mechanisms by which a

robot operates and the ability to explain robots' behavior or underlying logic [246, 114]. Existing

works in explainable AI assess the e�ects of explainability through self-reported understanding

of the agent behavior, successful task completions, system faults, task completion time, number

of irreparable mistakes, and trust in automation. A survey by Walkotter et al. described three

categories of measures for evaluating the e�ectiveness of explainable architectures (in descending

order of importance): 1) Trust (willingness of users to agree with robot decisions through a self-

reported scale), 2) Robustness (failure avoidance during the interaction), and 3) E�ciency (how

quickly tasks are completed) [269].

1.4.6 Emerging Fields & Discussion

Mental models have proven bene�cial for many human-robot teaming applications such as

assistive and healthcare robotics [71], social path planning and navigation [206], search and rescue

[189], and autonomous driving [213, 143]. In this section, we describe a selection of more recent

emerging use cases of mental models in HRI.

Though robots have been �xtures in industrial applications since the 1970s [108], the factory

of the future is likely to utilize robots for a much broader range of tasks, and in a much more

collaborative manner, enabled in part through the use of recent developments in mental models.

Many of these potential robot tasks intrinsically require operation in proximity to humans, raising
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issues of safety and e�ciency. Recent work by Unhelkar et al. provides a framework for human-

aware task and motion planning in shared-environment manufacturing [260]. Additional research

in this area focuses on the problem of task scheduling for safely and e�ectively coordinating hu-

man and robot agents in resource-constrained environments [38, 91]. Another recent development

has been towards the generation of supporting behavior for improving human collaborators' task

performance. These supportive behaviors do not directly contribute to a task but instead alleviate

the cognitive and kinematic burdens of a collaborating human (e.g., fetching tools or stabilizing

objects during assembly) [113, 17].

Furthermore, developments in augmented reality (AR) technology have shown promise for

industrial and �eld HRI applications. AR represents a novel modality of model communication

for human-robot collaboration, wherein details of a robot's plan or decision making process are

visualized and presented to a human teammate as holographic imagery overlaid onto the robot

itself, viewed through a head-mounted display. Notable work in this area has focused on visually

conveying robotic motion intent during human-robot teaming tasks with AR, both for robotic

manufacturing arms [209], and mobile robots [267], a technique which has been shown to broadly

increase objective measures of task accuracy and e�ciency, as well as subjective perceptions of

robot transparency and trustworthiness. Recent work has explored the inclusion of human-to-

robot communication features on top of AR visualization, allowing human teammates to diagnose

problems with and modify a robot's plans or internal models during collaboration [157, 98].

Behavior manipulation, also known as policy elicitation, refers to a class of problems in

human-robot teaming wherein an agent must guide humans towards an optimal policy (or away from

potential failure states) in order to successfully complete a task, either through implicit or explicit

communication [246, 214, 37]. This represents an emerging variety of robotic decision support.

Various challenges related to behavior manipulation include accurately modeling human behavior

[246], leveraging human models to �nd failure modes [248], and succinctly generating persuasive

human intelligible semantic or visual updates (or executing mitigating actions) [114, 250, 160].

With the currently observed rate of increase in agents' capability for social behavior and persuasive
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natural language generation, especially with the emergence of highly generalizable large language

models such at ChatGPT, human teammates run the risk of over-relying on potentially 
awed

autonomous guidance. Proper calibration of trust remains an open problem in robotic decision

support [207].

As evidenced by the emerging application areas found within human-robot teaming literature,

mental models continue to be developed and applied in novel ways. Research in human-robot

interaction is rapidly evolving and expanding into new application areas, so this list is far from

exhaustive. In this literature review, we have provided a general overview of mental models as

applied to human-robot teaming: formalisms which have proven to be signi�cantly bene�cial for


uent collaboration and cooperation between teammates. As evident in this summary, there are

many exciting developments within this space, as well as many open and challenging problems to

drive future research.



Chapter 2

Bidirectional Augmented Reality Interface for Enhancing Robot Skill

Demonstration and Repair

2.1 Motivation

In this chapter, we present a novel augmented reality (AR) system for constrained robot

learning from demonstration (LfD) called ARC-LfD. ARC-LfD allows learned robot skills to be

visualized directly in environmental context through an AR headset, so human operators can tell

prior to skill execution whether their intent has been correctly captured by the robot, and quickly

remedy errors. Additionally, ARC-LfD allows for the injection of high-level constraint information

to quickly adapt a base set of trajectories (representing a general skill) to changing environments

and task requirements without requiring additional demonstrations. This ability to rapidly edit

learned skills in-situ via AR interface improves the 
exibility of LfD methods for long-term robotic

deployments. We evaluate the system using a series of case studies, showcasing ARC-LfD's ability

to adapt existing skills to multiple target environment and task speci�cations through the strategic

introduction of high-level constraints to portions of the trajectory. This work was presented at the

IEEE International Conference on Robotics and Automation (ICRA 2021) [158].

Within the broader context of this thesis, this chapter explores the idea of bidirectional

spatially-grounded information transfer, enabling alignment of human and robot task representa-

tions. On one hand, the robot is able to communicate its current learned skill model to a human

supervisor, visualized as a trajectory directly in environmental context. This acts as a debugging

step, allowing the human to critically evaluate the robot's understanding of the environment and
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task prior to execution, and identify any discrepancies in need of repair.

On the other hand, the human is able to communicate their own high-level task knowledge,

through the creation and assignment of constraints within the same spatially-grounded AR in-

terface, directly shaping robot learning. In LfD setups such as this, humans take on an expert

teaching role. They are assumed to have a higher base knowledge compared to the robot, repre-

senting something close to ground truth that the robot's behavior should approach. Because of

this, the decisional authority regarding the identi�cation of model discrepancies ultimately rests

with the human, and the primary direction of information transfer is human-to-robot. In future

chapters, we explore cases where this relationship is inverted - where robots possess more knowledge

than their human teammates, and must both identify when mental models diverge, and choose how

best to rectify them when they do.

2.2 ARC-LfD: Using Augmented Reality for Interactive Long-Term Robot

Skill Maintenance via Constrained Learning from Demonstration

2.2.1 Introduction

Robot learning from demonstration (LfD) methods enable users to teach desired skills to

robots without programming or other forms of robot-speci�c knowledge [7, 10]. The predomi-

nant focus of LfD research to date has been on the initial learning process itself, rather than the

maintenance and adaptation of learned models. In a shift of focus to the latter, we introduce

Augmented Reality for Constrained Learning from Demonstration (ARC-LfD): a system

that combines an augmented reality (AR) interface and constrained learning from demonstration

[180] to enable users to teach a robot new skills as well as verify, repair, and edit existing skills.

ARC-LfD demonstrates a novel approach to LfD that can mitigate problems arising from poor

quality demonstrations, changes in the environment, and adaptations to the task procedure.

When using LfD methods for robot instruction, safe deployment necessitates veri�cation

that a skill has been learned properly after the skill has been demonstrated and taught. While
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veri�cation can be done in simulation, this requires a high-�delity model of the environment in

order for the visualization of the learned skill to be shown in the proper context (and obtaining

such a model may be a technical endeavor). After this step is completed, the robot may begin

executing the learned skill as long as the environment stays constant, but even small changes in

the robot's environment or the desired skill may require an entirely new set of demonstrations to

�x it. This requirement for rigidity of environment and task can make long-term deployment and

maintenance of the skill di�cult in practice.

One approach to handling this rigidity is the creation of end-to-end policy learning systems

that aim to model skills more generally. However, such systems may demand a prohibitive number

of demonstrations or require unavailable simulation environments to capture user intent, and aren't

designed to accommodate user selection of task constraints. Our approach emphasizes transparency

and adaptability in a system designed for online skill editing and validation necessary for long-term

robot deployment. Through AR visualization, ARC-LfD safely demonstrates to users what skill has

been learned and how executing that skill will cause the robot to move through the environment.

The AR interface also facilitates the visualization and editing of constraints, enabling users to see

how these constraints interact with objects or points of interest in the environment. Furthermore,

constraint editing through AR allows the entire training process to take place in-situ without

requiring context-switching between the real environment and a 2D display.

The contributions of the ARC-LfD system are as follows:

(1) AR visualizations of learned skills, in-situ robot behavior, and constraints without needing

a model of the entire environment.

(2) An iterative process to verify, repair, and edit existing skills through AR using visualized

constraints employed by the underlying LfD algorithm.

(3) Three case studies that illustrate how the system enables skill adaptation with no further

demonstration.
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Figure 2.1: ARC-LfD combines augmented reality with constrained learning from demonstration to
create a system that enables the teaching, veri�cation, editing, and updating of robot skills using
in-situ visualizations.

2.2.2 Related Works

2.2.2.1 Learning from Demonstration

Robot learning from demonstration (LfD) encompasses a set of methods that strive to learn

successful robot behavior models from human input [10]. A human operator interacts with a

robotic system through some mode of demonstration, usually through kinesthetic demonstration

(e.g., physical interaction), teleoperation (e.g., remote control), or passive observation (e.g., motion

tracking observation). While the mode may vary, demonstrations ideally communicate the nature

of the skill to the robot such that the learned model e�ectively resembles some latent ground truth

model held by the demonstrator [7]. The methods by which robotic systems learn such models span

a broad spectrum, but are generally categorized into three classes: 1) plan learning, 2) functional

optimization, and 3) policy learning [203]. Most importantly, LfD methods enable non-roboticists

to quickly teach robots useful skills and forgo the need for expert robotics programming knowledge.

ARC-LfD uses an LfD method that falls under the policy learning categorization, where the

goal is to learn models that output either robot trajectories or low-level actions directly. Work by

Akgun et al. [3] introduces Keyframe-based LfD, a method that learns a sequential waypoint (i.e.
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keyframe) model of a skill through the clustering of demonstrated trajectories. Keyframe models

essentially produce coarse trajectories for the robot to execute by employing motion planning

algorithms to traverse from waypoint to waypoint.

ARC-LfD utilizes an enhanced variant of this technique called Concept Constrained

Learning from Demonstration (CC-LfD) [180]. During demonstration, users annotate be-

havioral constraints (through real-time dictation) to be applied to the learned model. Akin to

prior work in learning from human teachers [28, 125], this algorithm is motivated by the insight

that although traditional state data captured by the robotic learner does encode certain aspects

of the task, the users' internal model might have latent information not communicated through

traditional kinesthetic demonstration. Thus, by enabling the user to also communicate behavioral

constraints (e.g., \a cup must remain upright until over the bowl"), the robotic learning system

is given additional information that helps produce a more robust and successful model. To this

end, CC-LfD requires far fewer demonstrations to teach a successful skill model than robot state

demonstration trajectories alone produce, and enables post-hoc skill repair and adaptation through

constraint application.

Keyframe-based LfD methods are agnostic to the mode of demonstration as they operate

on the resulting trajectories. However, ARC-LfD utilizes kinesthetic demonstration, where users

physically manipulate the robotic system to produce demonstration trajectories. Akgun et al. [4]

showed that kinesthetic demonstration generally produces more successful skill models and is the

preferred mode of demonstration by end-users when compared with teleoperation. However, Wrede

et al. [279] described how kinesthetic demonstration can be limited by non-experts users' lack of

robotics knowledge. For example, they showed that resultant models learned through kinesthetic

demonstration perform poorly when users guide robots close to con�guration space Jacobian sin-

gularities. Furthermore, Villani et al. [264] surveyed a multitude of industrial environments in

which robots are deployed, describing highly variable and potentially dangerous collaborative envi-

ronments and tasks. Such environments challenge kinesthetic demonstration as complex structures

and dangerous conditions make kinesthetic demonstration infeasible to model or unsafe for humans.



23

Given these concerns, safety and adaptability become paramount, both for the design of

safe human-robot collaborative environments [228] and for the mechanisms by which robots build

skill models [19, 180]. The ARC-LfD system utilizes an AR interface that enables users to both

visualize learned skills and to de�ne a strict set of behavioral restrictions via the application and

editing of constraints. The bene�t is twofold: 1) constraint application helps facilitate encoding

additional information, shifting the burden of end-user expertise away from robotics and towards

the task consideration, and 2) AR enables a user to operate in an environment where certain

features (dangerous objects, di�cult arrangement, etc.) that make kinesthetic demonstration either

infeasible or dangerous can be virtualized, communicating skill-essential behavioral restrictions as

encoded constraints.

2.2.2.2 Augmented Reality Interfaces for Robotics

In order to facilitate an additional visual interface for an LfD system without requiring

user context-switching [115], we use AR. AR interfaces for robotics have a proven track record

[97, 243], enabling new methods of enhancing robotic control [282, 272, 268, 26], collaboration in

human-robot teaming [39, 208], safe movement in shared spaces [267, 209], and communication of

robot knowledge [134, 137, 64]. Motivated by this existing body of work, we use AR to create an

interface for LfD that previews learned skills and allows editing of constraints directly in the robot's

environment.

Through ARC-LfD, users are able to examine a sample trajectory from a learned skill visu-

alized in AR through an overlay in the workspace environment. Such skill visualization is intended

to improve safety as the operator can \preview" robot behavior without the need for actual skill

execution [138]. Prior work has established this potential through user studies: Walker et al. [267]

conducted a user study which found that showing 
ying robot paths in AR made users more e�-

cient and comfortable when sharing an environment with these robots. Similarly, Rosen et al. [209]

found that AR visualization of possible robotic arm trajectories improved participants' accuracy

and quickness in identifying collisions with objects in the environment. These studies substanti-
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ate the notion that AR visualizations of robot trajectories may improve user understanding with

respect to the path a robot will take and how that trajectory will interact with the environment.

In addition to visualizing the robot's possible future movement, ARC-LfD supplies visual

cues that describe the robot's ability to adhere to user supplied behavioral constraints on a learned

skill. This is akin to helping users understand the internal state of the robot, another functionality

that has been explored within the space of AR for human-robot interaction. Through AR, infor-

mation such as the robot's battery life [137] or sensor readings [134] can be communicated to users

through a heads-up display. This is particularly useful when performing complex tasks such as

controlling a robot as it prevents disruptive context-switching when averting attention away from

the environment towards a 2D display [115]. Using AR to visualize a robot's knowledge in the form

of a learned skill or action can also provide a realistic demonstration of this knowledge without

requiring extensive modeling of the environment to use in simulation [64].

The �nal type of interaction supported by AR in ARC-LfD is the ability to create and

manipulate constraints on a learned skill. Visualizing constraints in the physical environment allows

users to see the exact e�ect of applying these constraints [239]. Yamamoto et al. [282] illustrated

that applying virtual constraints was an e�ective tool for robot-assisted surgery, allowing surgeons

to specify thresholds that the robot should not cross. In our case, the constraints are both shown

and edited in the environment in which the skill will be executed, allowing users to move constraints

around physical objects to ensure the skill can be performed safely.

Generally, we are motivated in designing ARC-LfD by a rich history of research into LfD as

well as strong results from prior work at the intersection of AR and robotics that demonstrate AR

interfaces outperform 2D and tablet-based interfaces for visualizing information critical to human-

robot interactions. In the next two sections, we describe the algorithmic basis for ARC-LfD followed

by the design and capability features of the AR interface.
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2.2.3 Concept Constrained Learning from Demonstration

As shown in Figure 2.2, ARC-LfD consists of two components communicating via the Robot

Operating System (ROS): a Concept Constrained Learning from Demonstration subsystem (CC-

LfD), which serves as a backend for skill learning, and an AR subsystem for visualization and user

interactions with a learned skill. In this section, we present an overview of CC-LfD; however, we

point the reader to the original paper for a more thorough review: [180].

CC-LfD is an augmentation of keyframe-based learning from demonstration [3] that incorpo-

rates the ability to utilize constraints, consisting of concepts (e.g., \X is above Y", \Z is powered on",

etc.) encoded as Boolean planning predicate classi�ers, to produce a more representative learned

model of the demonstrated skill. The motivation behind incorporating predicate-based constraints

is to overcome the limited capacity of demonstrated robot state (e.g., end-e�ector state) trajec-

tories alone to encode all critical aspects of a skill that a human operator intends the robot to

learn. For example, when teaching a robot a cup carrying task, robot state data alone will not

adequately capture the concept of \keeping a cup upright." By leveraging logical combinations of

predicate-based constraints, CC-LfD biases waypoint sampling from learned keyframes, resulting in

a dramatic reduction in the required number of demonstrations to both train a successful model and

repair a poorly performing skill as compared to introducing additional high-quality demonstrations.

The CC-LfD algorithm requires a set of demonstrated robot trajectories annotated with

constraints. These trajectories are aligned via Dynamic Time Warping [215] to preserve point-to-

point spatio-temporal similarity across trajectories. Once the trajectories are aligned, annotated

constraints are combined via a Boolean logicalAND across all demonstrations. Sequential clusters

of aligned trajectory points provide the basis for the nodes of a directed acyclic graph representative

of a learned skill.

Individual keyframe models are created by �tting distributions on the data within each clus-

ter. Keyframes inherit the set of constraint annotations preserved during the alignment step.

Importantly, constraint set change-point regions demarcate special keyframes of data known as
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boundary keyframes. Consecutive keyframes whose variational distance is below a threshold pa-

rameter are culled from the keyframe graph. This produces a more sparse keyframe representation

and eliminates backtracking behavior during skill execution. Boundary keyframes are never deleted

as they represent pertinent structural change-points for the learned skill. To better ensure each

keyframe is representative of a constraint-compliant distribution, a rejection sampling step produces

a constraint-compliant set of points that is used to rebuild the keyframe distributions. Finally, skill

execution is accomplished by sequentially sampling constraint-compliant waypoints from a directed

path through the keyframe graph, subsequently constructing motion plans between waypoints.

ARC-LfD introduces an advancement over CC-LfD by enabling post-hoc application of con-

straints as opposed to requiring constraint application during demonstration. This new approach

facilitates an iterative update process that alters keyframe constraints and the corresponding dis-

tributions, providing the basis for ARC-LfD to achieve skill adaptation. ARC-LfD �rst generates

an initial keyframe model of the skill (Fig. 2.3, Step 1), which is visualized as an instantiation

of the keyframe waypoints that the robot will execute (Fig. 2.4). This visualization includes the

validity of each waypoint relative to the keyframe's applied constraints (Fig. 2.3, Step 2). Using

the AR interface, the user generates new constraints, or edits existing constraints (Fig. 2.3, Step

3), and assigns them to a chosen keyframe. This initiates a model rebuilding phase where keyframe

distributions are relearned using the same rejection sampling and distribution �tting steps as CC-

LfD (Fig. 2.3, Step 4). If the user is satis�ed with the visualized robot behavior, skill execution

can proceed as carried out by the CC-LfD algorithm (Fig. 2.3, Step 5).

2.2.4 Augmented Reality System Design

The second subsystem of ARC-LfD (see Fig. 2.2) is an AR interface deployed on a HoloLens,

a mixed reality headset developed by Microsoft. A headset was chosen over alternative tablet-based

passthrough AR solutions due to its hands-free nature, freeing users' hands for interaction with the

robot, and its ability to show di�erent imagery to di�erent eyes, enabling superior depth perception

[172]. Users wearing the HoloLens are able to see holographic visualizations of relevant keyframes
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Figure 2.2: A diagram of the ARC-LfD system architecture. The user (blue) supplies the initial
demonstrations to the CC-LfD subsystem (green). During the editing phase, the user also supplies
constraint edits and their keyframe application to the AR subsystem (red). In return, the AR
subsystem supplies skill and keyframe constraint validity visualizations to the user. Through a
Robot Operating System (ROS) communication layer, the CC-LfD and AR subsystems exchange
skill representation, constraint parameterization, and constraint application information. Finally,
the CC-LfD subsystem provides sequential motion plans for the robot (purple) to execute.

and constraints projected onto the robot's workspace. User interaction is achieved through per-

forming pinching gestures known asair taps on these visualizations and on menu buttons pinned

above the robot (see Fig. 2.1).

2.2.4.1 Skill & Constraint Representation

For a given skill, each keyframe generated by CC-LfD is sent to the AR interface and visual-

ized as a hologram of the robot's end-e�ector, whose position and rotation are representative of a

randomly sampled valid waypoint within that keyframe. The combination of these keyframe visu-
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Figure 2.3: Flowchart indicating how ARC-LfD integrates into CC-LfD. Steps 2, 3, and 4 repeat
until the user is satis�ed. The pink region (bottom) indicates AR-based steps whereas the green
region (top) indicates that AR is not strictly required.

alizations traces out a trajectory that the robot would follow to execute the skill. To aid the user in

evaluating a candidate trajectory at a glance, the end-e�ector holograms are colored in a gradient

from green to gray to indicate the ordering of the keyframes, and any waypoints in violation of an

applied constraint are colored bright red (see Fig. 2.4).

Our test implementation incorporates three constraint types, representing a subset of possible
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Table 2.1: Editable constraints and adjustable parameters in ARC-LfD

Editable Constraints

Constraint Type AR Visualization Parameters Example

Height Above/Below Plane w/ Arrows Reference Height, Direction Fig. 2.4, top-right
Orientation Cone and Fan Orientation, A�ordance Angle Fig. 2.4, bot-left
Over/Under Cylinder Position, Validity Radius Fig. 2.4, bot-right

Figure 2.4: ARC-LfD allows the user to visualize trajectories as a series of keyframes (top left).
Selecting a keyframe will show holograms representing any constraints active at that keyframe,
such as the height constraint (top right) indicating the end-e�ector must stay above the plane,
the orientation constraint (bottom left) overlaid on the selected end-e�ector to show its proper
rotation, and the over-under constraint (bottom right) indicating the end-e�ector must stay within
the cylinder. Note that in the bottom right image, one keyframe has the over-under constraint
applied, but is not located inside the cylinder, placing it in violation of the constraint, and coloring
its hologram red to alert the user.

parametric, predicate-based constraint templates for ARC-LfD, selected to provide coverage over

a number of common robotic manipulation task setups. These are height constraints (the robot's

end-e�ector must stay above or below a given height), orientation constraints (the robot's end-
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e�ector must maintain a given rotation, within a given a�ordance), and over-under constraints (the

robot's end-e�ector must stay above a given location, within a given radius). Each constraint type

has its own associated visualization: a plane with arrows indicating the valid direction for height

constraints, a cone and fan overlaid onto an end-e�ector showing the a�ordance for each axis

for orientation constraints, and a cylinder representing the radius around a target for over-under

constraints. When the user selects a keyframe with a constraint applied, that constraint hologram

appears, positioned, rotated, and scaled according to its parameters, and colored a translucent

purple to maximize visibility of the trajectory and environment. For a summary of these constraints,

their AR visualizations, their editable parameters, and references to examples, see Table 2.1.

2.2.4.2 Constraint Editing & Application

ARC-LfD lets users edit existing constraints and create new ones from a template via the AR

interface (see Fig. 2.5). The user accesses the constraint editing interface by selecting a constraint

type and slot with the menu buttons above the robot. The user will then have the trajectory

visualization cleared from their view and a lone constraint visualization will be rendered. The

user can edit the parameters of their chosen constraint type (see Fig. 2.5), seeing the visualization

update in real-time, which allows them to match constraints to environmental features (e.g., placing

an over-under constraint on top of a target object for a pick-and-place task).

Once a user is satis�ed with their new constraint, they press a con�rmation button, which

synchronizes the representation across the AR and CC-LfD subsystems of ARC-LfD. They are

then able to apply that constraint to a keyframe or range of keyframes through the constraint

application menu until they have added the constraint to the desired areas of the skill trajectory.

Once this process is complete, and the trajectory has been satisfactorily inspected, the user selects

the \Send to Robot" button to send the new constraint application to the CC-LfD subsystem, which

initiates a rebuilding and resampling of the skill. After the CC-LfD subsystem has relearned a set

of new keyframe distributions, it sends them back to the AR subsystem and updates the trajectory

visualization to inform the user if the system adequately captured their intent, and whether the
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Figure 2.5: Users can customize constraints from templates via the AR interface. After selecting
a height (top left), orientation (top right), or over-under (bottom left) constraint, they edit its
parameters and see the corresponding visualization update in real-time. Once satis�ed, they can
apply the newly edited constraint to the model by selecting it from the application menu (bottom
right), and by selecting which keyframes the constraint should apply to. After this process, they
will send a request to the robot to rebuild and revisualize the model using any new constraints,
and evaluate whether the robot has correctly learned the skill.

skill is likely to be executed successfully. This process of trajectory evaluation, constraint editing,

and constraint application can be repeated until the user is satis�ed.
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2.2.5 System Validation

In order to validate the ARC-LfD system, we examine its operation within three test cases

representative of potential task scenarios asked of robot manipulators. These case studies exemplify

how ARC-LfD allows a user to demonstrate a skill, visualize the learned skill, then adapt the

learned skill to two di�erent environment setups (an \initial setup" and \secondary setup") using

edited constraints. One of our research team members acted as a user to demonstrate the system's

functionality. Eight kinesthetic demonstrations were provided as the basis for each skill using the

Rethink Robotics Sawyer platform. Once the ARC-LfD system had generated a skill model learned

from these demonstrations, the user was shown a sample trajectory of this skill. The user then

edited and applied constraints with consideration given to the speci�c environment setup. ARC-

LfD used the applied constraint to adapt the initial learned skill and sent a representation of the

updated skill back to the user for visual inspection. Finally, the skill was executed on the robot.

These case studies demonstrate situations in which ARC-LfD allows a user to assess and edit

a skill in response to changes in the environment or task setup. This illustrates a novel capability

over CC-LfD as a user can craft and visualize constraint annotations to ensure successful model

adaptation to di�ering task setups sans additional demonstrations. In these example applications,

the entire process (skill visualization, creation and application of a constraint, skill updating within

the CC-LfD subsystem, visualization of the updated skill, and approval of execution) took an

average of 120 seconds per skill. Videos of the execution from each case study can be found at:

https://youtu.be/G9TJIKVod4A.

2.2.5.1 Case Study I (Precise Placement)

The �rst case study emulates situations in which the goals of the task are modi�ed after

initial demonstrations are given. In this task, the robot's objective was to place a rectangular

object into an upright crate, with minimal clearance. If the object was placed using the wrong

orientation, a collision with the crate would occur. The user �rst provided demonstrations with
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Figure 2.6: For Case Study I, the robot inserts a rectangular object into a similarly-sized rectangular
crate. In this case study, the user applies orientation constraints to the �nal keyframes in the
trajectory in order to match the initial setup (left) with a horizontal crate or the secondary setup
(right) with a vertical crate.

varied orientations of the object. We evaluate the task for two di�erent orientations of the crate,

horizontal and vertical, with no additional demonstrations provided between conditions. In both

cases, the user applied an orientation constraint to the last few keyframes of the task specifying

the respective desired orientation. With the added constraints, the ARC-LfD system enabled the

robot to successfully place the object without collision. The setup of this case study is shown in

Figure 2.6.

2.2.5.2 Case Study II (Changing Environment)

In the second case study, the robot's task involved moving an object from one side of a

table to another. This task is representative of pick-and-place kitting tasks with known initial/goal

locations but con�gurations of obstacles that may change over time. For this case study, the user

provided 8 demonstrations of moving the robot's arm across the table from right to left. The initial

environment setup had no obstacles in the way. In the test condition, we placed stacked foam

obstacles halfway across the table. By applying a height constraint, the user is able to edit the skill

so that the robot could still complete the task without colliding with the new obstacles, without

requiring additional demonstrations. This case study exempli�es how a generic constraint can be
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Figure 2.7: In Case Study II, the robot completes a pick-and-place task either with or without an
obstacle present. The initial environment (left) has no obstacles on the table, allowing the robot to
freely move the object from right to left across the table. The test condition setup (right) introduces
an obstacle halfway across the table, requiring the user to apply a height constraint that ensures
the robot lifts its payload over the obstacle to complete the task.

Figure 2.8: Case Study III involves the robot pouring a cup into a bowl positioned at di�erent
points on the table. In the initial setup (left), the bowl is placed toward the front of the table,
while in the test condition (right), the bowl is placed further back. In both cases, the user applies
an over-under constraint to the trajectory representation in order to ensure the pouring motion
takes place at the correct position.

used in lieu of a simulated collision obstacle required by motion planning. Images from this case

study are given in Figure 2.7.
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2.2.5.3 Case Study III (Changing Goal)

The third and �nal case study we conducted involved a task in which the robot poured a

cup of material into a receptacle. The modi�cation for this case study consisted of moving the

receptacle to a di�erent position. Using ARC-LfD's over-under constraint, the user was able to

specify where on the table the pouring part of the task should begin. This allowed the robot to

execute the cup pouring task successfully with two di�erent end goal positions without any new

demonstrations. Figure 2.8 illustrates the environment setup and constraint applications for this

case study.

2.2.5.4 Discussion

These three case studies exhibit the functionality of ARC-LfD and its ability to make LfD

systems more robust. Case Studies I and III illustrate that ARC-LfD can make a set of demon-

strations robust to changes in the task, provided su�cient variance of demonstrations in the set:

through application of constraints to an existing skill, the robot can execute an altered version

of a task. Case Study II shows how ARC-LfD can make learned skills robust to changes in the

environment through using constraints that alter the skill trajectory to �t a new execution context.

Furthermore, the interface of ARC-LfD enables users to conduct these alterations after demon-

strations have been given, allowing for any-time editing of a skill. In addition to its functionality

for verifying and previewing skills directly in the environment, ARC-LfD introduces a method for

maintaining robotic skills even if the particulars of task and environment shift over time. We posit

that ARC-LfD presents a safer-by-construction alternative to general end-to-end policy learning

systems, trading generally unneeded levels of model expressivity for system transparency, enabling

successful safer skill execution across a broad range of robotics tasks.

2.2.6 Conclusion

ARC-LfD is proposed as a step toward producing practical, real-world-ready LfD systems

that allow non-roboticists to conduct training and evaluation of robotic systems. The use of AR
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for in-situ visualizations relaxes the requirement of a model of the environment to use in simulation

for veri�cation of learned skills. Through visualizing a sample trajectory directly in the environ-

ment, users can preview the robot's skill execution contextualized by the actual environment itself.

The control 
ow of ARC-LfD provides an improvement over CC-LfD, allowing users to separate

demonstration from constraint application.

Finally, the proposed constraint editing interface relaxes the static environment assumption

often levied for successful LfD skill deployment. ARC-LfD enables direct skill repair and editing,

creating constraints contextualized in the environment and applying them to keyframes of an ex-

isting skill. Thus, ARC-LfD �lls a critical technical gap in LfD systems, enabling long-term skill

assessment and validation as the environment or task requirements change over time.



Chapter 3

Augmented Reality for Reducing Uncertainty in Human Motion in

Shared-Space Interaction

3.1 Motivation

This chapter covers a pair of novel techniques, both of which use augmented reality vi-

sualizations to in
uence and constrain the movements of human teammates, thus reducing the

inherent uncertainty of human motion, and allowing for more tractable human modeling within

human-aware robot planning frameworks. In particular, these works focus on domains with close-

proximity human-robot collaboration: improvements in human predictability in such domains not

only has positive impacts on task 
uency, but also safety through the avoidance of space con
icts

and collisions.

The �rst work (Chapter 3.2) introduces a method for improving the prediction of human

trajectories in close-proximity human-robot collaboration through both the arrangement of phys-

ical objects in the shared workspace prior to interaction and the projection of \virtual obstacles"

in augmented reality. This combined technique alters the workspace to optimize for the legibility

of human motions from the perspective of a robot teammate, reducing uncertainty in human tra-

jectories, improving human goal prediction, and leading to more 
uent interaction. The technique

is evaluated in a collaborative pick-and-place domain with a manipulator robot, where the robot

makes real-time predictions of human goals using a time series multivariate Gaussian prediction

model. Through the use of our workspace organization and augmented reality projection technique,

the performance of such prediction models are improved, while simultaneously requiring less train-
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ing data. This work was presented at the ACM/IEEE International Conference on Human-Robot

Interaction (HRI 2024) [258], where it received a nomination for best technical paper.

The second work (Chapter 3.3) introduces FENCES, a system which dynamically divides


oor space in warehouse-style environments between human and robot owners, projecting those

regions through an AR headset. The regions of ownership change in response to requests made by

human and robotic agents, facilitating space negotiation. The AR-visualized regions are designed

to simultaneously inform human teammates where robots are likely to move and work, while also

restricting human movement to pre-approved areas, mitigating collisions on a busy shared 
oor.

We explore the psychological impacts of the FENCES interface through a human-subjects study in-

volving humans and aerial drones working in close proximity in a warehouse environment. Through

this study, we �nd that the FENCES interface generates an overly in
ated sense of safety by hu-

man teammates around potentially dangerous aerial robots. This often leads to willful violations

of allotted space for increased convenience, as humans trust the robots to accommodate them.

From experimental results and post-experiment interview responses, we derive a number of design

recommendations for shared space negotiation systems. This work was presented at the IEEE

International Conference on Robotics and Automation (ICRA 2023) [40].

Though the FENCES system contains an element of explicit human-to-robot communication

(humans are able to directly indicate their goal, in
uencing the space in the shared environment

allotted to them), in both works, information primarily 
ows from robot teammates to human

teammates. Both the workspace optimization system and FENCES are responsible for making

the decisions regarding what visualizations are shown to the human, while providing little to no

rationale about the decisions it has made. This opacity in robot-expert systems has a tendency

to lead to confusion and frustration in human teammates, as evidenced by user reactions in the

FENCES study [40]. Many participants advocated for the inclusion of explicit visualizations in-

dicating both the intentions and decision-making rationale of robot teammates. This concept is

explored extensively in Chapters 4 and 5 of this thesis.
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3.2 Workspace Optimization Techniques to Improve Prediction of Human

Motion During Human-Robot Collaboration

3.2.1 Introduction

In human-robot collaborative tasks, shared mental models between agents enable the aware-

ness and joint understanding required for e�ective teamwork [249]. With no shared notion of the

task to be completed, the inherent stochasticity and opacity of human decision-making makes robot

planning di�cult [229]. To this end, prior research e�orts have focused on developing robots that

can predict human behavior [211, 147, 166], generating motion plans to safely interact in a shared

environment [196, 106]. However, these methods are limited by the quality of robot predictions of

a human collaborator's intention and resultant behavior. With inaccurate human models or unex-

pected human behavior diverging from past experiences, the robot may produce unsafe interactions

[168], especially in safety-critical or close-proximity settings [261].

To address the inherent challenges of accurately predicting human motion early in a demon-

strated trajectory, our key insight is that robots can take an active role in structuring the envi-

ronment to reduce the variance of human motion caused by dense and overlapping task spaces,

thereby improving the performance of human behavior models. In this work (see Fig. 3.1), we

introduce an algorithmic approach for a robot to con�gure a shared human-robot workspace prior

to interaction in order to improve a robot's ability to predict the human collaborator's goals during

task execution. As detailed in Fig. 3.2, we present an objective function that scores potential

workspace con�gurations in terms of how legible the actions of a human teammate are likely to be

when performing a task in that environment. We use the mathematical formulation of legibility

from [70], which computes the probability of successfully predicting an agent's goal given an obser-

vation of a snippet of its trajectory. Our approach �nds workspace con�gurations that maximize

legibility over the valid goals at each stage of task execution.

Each candidate workspace con�guration combines a potential arrangement of physical objects

and projection of \virtual obstacles" in augmented reality (AR) in the environment. While the
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