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ABSTRACT

With rapid advances in Artificial Intelligence and Robotics, we are quickly moving away

from the notion of using automation as tools by human operators to the notion of teaming up

with autonomous agents to perform collaborative tasks. For such teams to work efficiently,

these agents need to be able to adapt their behavior according to the changing trust of

their human counterparts. Many mathematical models of trust have been developed for

predicting the dynamic trust of a human on the robot. However, the question of how

to integrate these models into the decision-making system of a robot is an understudied

problem. Most work in this domain has also been focused on a human-supervisor-robot-

worker context in which the human can interfere with the robot’s behavior if they lose

trust in it. Our focus is on the robot-recommender-human-decision-maker context where

the robot acts as a decision support system for the human. To provide this trust-based

adaptability for robots, a trust-aware decision-making framework is proposed in Chapter 3

of this dissertation, wherein we model the human-robot interaction as a Partially Observable

Markov Decision Process (POMDP) with trust as the hidden state variable. We demonstrate

the framework in a simulated Intelligence, Surveillance, and Reconnaissance (ISR) mission

with a human-subjects experiment. Equipped with a reverse-psychology model of human

behavior, we add a trust-gaining reward term to ensure that the robot makes righteous

recommendations.

The term value alignment in the context of HRI refers to the process of ensuring that

robotic systems’ behaviors, decisions, and goals are consistent with the values, preferences,

and ethical principles of the humans with whom they interact. In most prior literature,

this has been operationalized as the alignment of reward functions between team members.

It is theorized that aligning the reward functions will benefit trust in the robot and team

performance, but has rarely been empirically verified. In Chapter 4 of this dissertation, we

use Bayesian Inverse Reinforcement Learning (IRL) to enable the robot to learn the human’s

reward function during interaction. We also propose the Bounded Rationality Disuse model

of human behavior allowing us to apply Bayesian IRL to our problem. We empirically show

that using such an “adaptive” reward function results in higher trust and team performance

when the robot starts with an uninformed prior on the human’s reward function.

xiii



Although we utilized IRL to learn the reward functions during interaction, we made a

couple of rather big assumptions in Chapter 4. Firstly, we assumed that the reward function

remains constant throughout the interaction. However, this may not be the case, since

humans may change their preferences based on the context of interaction. Secondly, we

always start the ISR mission from the same “state”. This leads to a limited exploration of

the state space. Within this limited exploration, we found that the “non-adaptive” reward

function may perform well in terms of trust and team performance, if the robot starts with a

good prior. However, these results may not hold when more of the state space is explored. We

address these limitations in Chapter 5, where we learn a context-dependent reward function.

We then compare a robot using this reward function with a robot using a constant reward

function under different starting states. Our results indicate that the context-dependent

reward function performs better in terms of trust and team performance in this case.
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CHAPTER 1

Introduction

Human Autonomy Teams (HATs) [68] are becoming more and more common in a variety of

domains like search and rescue, transportation, package delivery, and healthcare due to their

ability to leverage the computational capabilities of autonomous agents and the higher-level

understanding of the task from the human teammates. Trust between teammates has been

identified as a crucial factor to ensure smooth and effective collaboration [52]. In human-

human teams, trust naturally develops between its members and the members are able to

utilize their trust on others to make decisions about depending on the other, delegating

tasks to the other, and weighing their inputs. In a similar vein, autonomous agents need

a mechanism to estimate their human partner’s trust on them, and to predict whether or

not the human partner will rely on it. Utilizing this ability, the autonomous agent can then

adapt its behavior to encourage trust building, discourage overtrust and undertrust [80], and

take steps to align its behavior with the values of the human.

Toward this, a number of dynamic models of trust have been developed in recent years

[98, 38, 105]. In Chapter 3 of this dissertation, we introduce the trust-aware Markov De-

cision Process (MDP) framework which can use these models as the transition function to

give autonomous agents the ability to predict the trust of their human teammate during

interaction. We also use a human trust-behavior model that provides a way for the robot to

predict the human’s reliance behavior based on their trust. The framework also includes a

reward function that the agent tries to maximize during interaction, which in turn, drives the

behavior of the agent. In the rest of the chapters, we analyze various human trust-behavior

models, and reward functions, and test their effects on human trust and team performance

through simulations, mathematical analyses, and human-subjects studies.

1.1 Dissertation Overview

The dissertation takes steps toward trust-aware HRI through the following chapters:

1



• Chapter 1 Introduction: We discuss the motivation behind pursuing this research

work. It also provides the structure of the rest of the dissertation.

• Chapter 2 Related Work: We discuss the areas of work that are related to research

done in this dissertation. We discuss five related areas of Human-Autonomy Teaming,

Qualitative and Snapshot Modeling of Trust, Dynamic Trust Modeling, Trust-Aware

Planning, and Value Alignment. We provide summaries of seminal works and recent

developments in these domains.

• Chapter 3 Framework for Trust-Aware Decision-Making: We propose a frame-

work for trust-aware decision-making in a human-autonomy teaming context. We

model the interaction as a trust-aware Markov Decision Process with trust as the under-

lying state variable, actions that can be implemented by the human and recommended

by the robot, a dynamic trust model as the transition function, a reward function

that encourages gaining trust, and a reverse-psychology based human trust-behavior

model. We demonstrate the effectiveness of our approach through a human-subjects

experiment conducted using a custom-built high-fidelity 3D game environment in Un-

real Engine 4. We propose a reward-based performance metric for the dynamic trust

model in a sequential decision-making context and show its effectiveness in capturing

the loss/gain in trust. Finally, we find three different types of trust dynamics exhibited

by people interacting with decision support agents - Bayesian Decision Makers whose

trust varies according to the reward-based performance of the agent, Oscillators whose

moment-to-moment trust varies greatly, making it difficult for our model to predict,

and Disbelievers, whose trust remains low irrespective of the performance of the agent.

We also associate personal characteristics like personality traits and trust propensity

to the type of trust dynamics a person may exhibit.

• Chapter 4 Effects of Personalized Value Alignment: We study the effect of

learning personalized reward functions within our trust-aware MDP framework on trust

and team performance. Toward this, we first propose the Bounded Rationality Disuse

model of human behavior, which gives probabilities of human action choice based on

trust and personalized preferences. We show that by inverting this model in a Bayesian

sense, we are able to get insights into the underlying preferences of the human during

interaction. We also show that while using this behavior model, the robot inherently

prefers high trust states, removing the need to add a trust-gaining reward term in our

reward function. This serves two purposes - makes our reward function simpler and

makes the robot focus on maximizing the task reward, thus improving performance.

Through human-subjects studies, we compare three strategies for the robot behavior
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- the non-learner that assumes that the human shares its own reward function, the

non-adaptive learner that learns the human’s reward function and uses it to predict

human behavior but still optimizes its own reward function and the adaptive learner

that learns the human’s reward function and adopts it as its own, while also using

it to predict human behavior. We compare these strategies across trust and team

performance in two scenarios - one in which the robot starts with an uninformed

prior on the human rewards and the other in which it starts with a data-driven prior.

Our results indicate that the adaptive learner strategy results in the highest trust

and team performance in the uninformed prior case. In the informed prior case, all

three strategies perform similarly. This allows us to conclude that being adaptive and

personalized is important for trust and team performance if the robot does not have

a good prior on human preferences (rewards). If the robot does have a good prior,

further personalization may not be necessary.

• Chapter 5 Refining the Reward Function: Adding State Dependence: We

postulate that a human’s preferences may change depending on the context of inter-

action. We provide a way to learn a context-dependent reward function in the ISR

mission scenario. We learn the reward function through data collected from MTurk and

show that it matches the intuitive expectations. We compare two interaction strategies

for the robot - one using the constant reward function that worked well in the previous

chapter and the other using the context-dependent reward function. As a first step,

we do a simulation study to analyze the comparison of these strategies on trust and

team performance. We see that interacting with the robot using the context-dependent

strategy results in higher trust and better team performance. We empirically verify

these findings through a human subjects study. We add another factor of vulnerability

in the design of this experiment. Our experimental results align with the simulation

results, especially in the high vulnerability context. This shows the importance of

learning more fine-grained reward functions when interacting with humans to capture

their context-dependent preferences.

• Chapter 6 Conclusion, Limitations, and Future Research Directions: This

chapter concludes the dissertation and discusses certain limitations of our work, which

give rise to promising ideas for future research.
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CHAPTER 2

Related Work

This chapter discusses bodies of work that motivate the work in this dissertation. Researchers

first started studying human trust in robots qualitatively, analyzing factors that influence it

[45, 41]. A multitude of questionnaires [93, 47, 71, 89, 63, 15] were designed to be admin-

istered post-interaction to measure trust of the human on the robot. This view, however,

seemed limiting since it only gave a snapshot of the human’s trust at the end of interaction.

In order to ensure effective usage of the autonomous system, an appropriate level of trust

in the system is necessary [80, 55] since trust controls the reliance behavior of humans on

the systems [80, 30]. This motivated researchers to develop dynamic models of trust ca-

pable of estimating the moment-to-moment trust of the human on the system [98, 38, 37].

Using these models, researchers then developed frameworks for trust-aware planning [17, 7]

where trust is explicitly modeled within the decision-making system of a robot, enabling

the robot to change it’s behavior to foster appropriate trust. These trust-aware frameworks

typically use a reward function that the robot tries to optimize. A natural question arises

- how should we design this reward function? This question gave rise to the field of value

alignment [40, 33, 14] wherein the robot uses inverse reinforcement learning [78, 84, 107] to

learn this reward function through human demonstrations and preferences. We discuss these

bodies of work in detail below.

2.1 Human-Autonomy Teaming

Human-Autonomy Team(ing) (HAT) [68, 77] has attracted significant attention across

robotics, artificial intelligence, and human factors domains, motivated by the potential of

combining human flexibility and judgment with the efficiency and scalability of autonomous

systems. Studies have explored various aspects of HAT, including trust calibration [1], deci-

sion support [7], communication protocols [48], and shared situation awareness [16].

Robinson et al. [85] tested human-robot teams vs robot only teams in 16 real-world
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missions based on the Defense Advanced Research Projects Agency (DARPA) Subterranean

Challenge. Their results indicated that human-robot teams performed significantly better

in the presence of errors or unforeseen circumstances that lead to the robot failing without

intervention from a human operator. Perez D’Arpino et al. [82] experimentally verified

the effectiveness of a human-robot teaming approach versus a direct control approach for

teleoperating a robotic arm. Zhao et al. [106] argue for the need for adaptivity of autonomy

to individuals within a group and discuss the challenges for collaborative autonomous systems

that will interact with various individuals. O’Neill et al. [79] present an excellent review of

empirical research conducted in the area of HAT.

2.2 Qualitative and Snapshot Modeling of Trust

Trust is defined as the “attitude that the automated system will help achieve one’s goals in

a situation characterized by uncertainty and vulnerability” [55]. Researchers studying trust

in human-automation and human-robot collaboration started by finding the antecedents on

human trust on robots. A central question that researchers tried to answer is “what are the

factors that affect human trust in automation and autonomous systems” [45, 90, 41].

Hancock et al. [42] divided human trust on robots into three broad categories - human-

related factors, robot-related factors, and environment-related factors. Human-related fac-

tors include things like the human’s expertise, performance, self-confidence, and skills.

Robot-related factors included performance and attributes like anthropomorphism and phys-

ical appearance. Environmental factors included the constitution of the team and task fea-

tures. The authors later extended their work [41] by including newer studies and provided

empirical evidence for the inclusion of many of the factors listed in their original qualitative

model.

Hoff and Bashir [45] present a systematic review of literature on factors that affect trust.

They propose a three-layered model for trust, namely dispositional trust, situational trust,

and learned trust. According to their model, dispositional trust represents a person’s inher-

ent tendency to trust automation, independent of the context of interaction. Factors that

influence dispositional trust include culture, age, gender, and personality traits. Situational

trust, on the other hand, explicitly depends on the context of interaction. It depends on

factors internal to the human, such as self-confidence and expertise, and also on factors ex-

ternal to the human such as the task difficulty and system complexity. Finally, learned trust

represents an operator’s evaluations of the specific system through direct interactions with

it. Pre-existing knowledge about the system, its performance during interaction, and certain

design features influence learned trust in the system.
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Although these models of trust provide an understanding of the various factors that affect

trust, it is necessary to be able to quantitatively measure trust. Toward this, researchers

have developed various scales to measure the subjective level of trust of an individual on

automated systems. These questionnaires can be administered to the participants post-

interaction to get a value for their level of trust. Muir [75] developed a 4-item scale with

slider type answers ranging from a value of 0 (do not trust the system at all) to a value of

100 (trust the system completely). Jian et al. [47] created the “Scale of Trust in Automated

Systems” as a 12-item scale with each item being a 7-Point Likert type question. The 20-

item Complacency Potential Rating scale developed by Singh et al. [93] measures whether

the operator of a system will become complacent while depending on the system.

These scales give an insight into the human’s trust on the system after they have interacted

with it. However, in order to give the system an insight into the trust, and therefore, into

behavior of the human during interaction, researchers felt the need to develop dynamic trust

estimation algorithms. We talk about these models in the next subsection.

2.3 Dynamic Trust Modeling

In their pioneering work, Lee et al. [54] proposed an Auto-Regressive Moving Average

Vector (ARMAV) model to estimate trust at a given time step based on its value at the

previous time step, task performance, and whether an automation failure occurred. The

idea of trust being a function of the performance of the automation was later used in many

other mathematical models of trust.

Kaniarasu et al. [49] use the number of warnings issued by the system and the number of

times the human operator intervenes with the operation of the system as indicators of loss

in trust. Later, Desai et al. [26] extended this model to also evaluate increases in trust, by

having the operators report their feedback at regular intervals.

Xu et al. [98] presented the Online Probabilistic Trust Inference Model (OPTIMo) that

uses a dynamic Bayesian Network to constantly update trust in asymmetric human-robot

collaboration. They study a human supervisor, robot worker relationship. The model up-

dates its estimation of trust based on the history of observed interaction experiences.

Floyd et al. [34] propose an “inverse trust metric” using the number of task completions,

task failures, and interruptions as the basis for estimating the human’s trust on a robot.

Nam et al. [76] study the problem of estimating human trust on a swarm of drones. They

find that rather than performance, features such as physical characteristics of the swarm are

more important for trust in this context.

Chen et al. [17] present a performance-based trust dynamics model in a human su-
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pervisor, robot worker context. Mathematically, their model relates performance to trust

causally through a linear Gaussian system. They learn the parameters of the model through

human-subject experiments. Their model predicts that trust gradually increases on observ-

ing successful actions by the robot, but remains same or decreases slightly if interventions

occur.

Akash et al. [2] formulate the human-robot interaction problem as a POMDP with trust

as one of the partially observed states. The transition probabilities from low to high trust

and vice versa depend on the performance of the recommendations of the robot and the

transparency of its interface. Their results indicate that higher transparency is more likely

to increase trust when the trust is already low but is also more likely to decrease trust when it

is already high. The authors present a similar analysis in the context of human-Autonomous

vehicle interactions [1].

Soh et al. [94] propose a Bayesian Gaussian Process based trust model that is capable to

predicting human trust across tasks. They conclude that a task-dependent functional trust

model can accurately represent human trust across tasks. Trust transfer across tasks can be

predicted by using a shared task space representation and update process.

Guo et al. [38, 100] introduce the beta distribution based dynamic trust model. Personal-

ized parameters can be learned for the model through a few training sessions with the robot.

The parameters of the beta distribution are adjusted based on the performance of the robot,

shifting it to the right on a success and shifting it to the left on a failure. The authors also

extend this model to a multi-human, multi-robot context [37]. They consider both direct ex-

periences with a robot and indirect experiences with a robot through their human teammate

to update their trust estimates. [25] extend this model to tasks at continuous time scales by

using inverse reinforcement learning to learn reward functions and performance metrics.

Rodriguez Rodriguez et al. [86] provide an excellent review of the various mathematical

models of human trust in automation. Liu [59] also provides a survey of modeling trust from

a Bayesian perspective.

2.4 Trust-Aware Planning

Dynamic trust models allow robots to peek into the real-time trust level of the human.

This allows the robot to be able to adapt its behavior to the changing trust of the human.

Researchers have put a lot of effort in this area of work in recent years. This section discusses

this work in detail.

Xu and Dudek [97] propose a utility-based trust model to estimate the trust of a human

as they supervise a robot worker. They evaluate a strategy that locally retrains their robot
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planner in case of a small loss in trust and globally retrains it in case of a high loss in trust.

Their experimental results indicate that this adaptive strategy results in better performance

over a non-trust driven strategy. The authors later extend this algorithm to the Trust-

Aware Conservative Control (TACtiC) [99] strategy, enabling robots to engage in trust-

seeking behaviors. Their results indicate that robots using this strategy and being mildly

conservative result in higher collaboration efficiency.

Floyd et al. [34] use their proposed inverse trust estimation model to adapt robot behavior

to elicit a higher level of trust from humans. They demonstrate it in a simulated robotics

environment, showing that a robot using their algorithm converges to trustworthy behaviors.

Chen et al. [17, 18] propose a trust-aware framework for human-robot collaboration in the

context of human supervising the robot worker. They model the interaction as a POMDP

with trust as the partially observed variable. The solution to this POMDP in a pick-and-

place task results in behaviors such as the robot picking up a low risk item in order to build

trust and then moving on to a high risk item. This results in lower interruptions by the

human supervisor when compared with a trustless robot strategy.

Akash et al. [3] discuss a solution to their trust-workload-POMDP [2] by defining intuitive

reward functions. They computed near-optimal policies for increasing trust and reducing

workload. Their results point to the fact that it may not always be beneficial to increase

trust, and decision support systems should rather try to maximize some context-dependent

performance metric.

Guo et al. [36] present the use of the Beta distribution trust model [38] in a sequential

decision-making scenario for a human-robot team. They use this model to define a trust-

aware Markov Decision Process, which gives optimal actions for the robot considering the

human’s trust and subsequent behavior. Their simulation results indicate the need for a

trust-gaining reward term that encourages the robot to suggest righteous actions.

Zahedi et al. [105] present a trust dynamics model and a meta-MDP framework that

chooses a robot’s behavior depending on the level of trust of the human. They analyze the

case where the human’s model of the environment may be false leading to sub-optimal trust-

worthy policies and untrustworthy optimal policies. Their framework generates an optimal

policy for the robot that chooses the trustworthy sub-optimal policies when trust is low in

order to increase it and chooses the untrustworthy optimal policy when trust is high enough

to improve the team’s performance.

Liao and Wang [58] develop a trust-based variable impedance controller for human-robot

co-manipulation tasks. Through extensive human-subjects testing, the authors show the

efficacy of their trust-aware controller in terms of efficiency, agreement, safety, and physical

and social HRI factors.
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Dubois and Le Ny [29] propose an MDP based framework for adaptive task allocations

in human-machine teams based on the human’s trust and cognitive workload. They provide

simulation results that indicate the emergence of automation behaviors like trust seeking,

trust repair after error, and managing the human’s workload.

Li et al. [57] propose a linear Gaussian process based trust model for estimating a human’s

trust in an indoor patrolling task scenario. They employ the Monte Carlo Tree Search

method to determine the robot’s optimal decision-making. Their Virtual Reality (VR) based

experiments confirm that the robot using their policy prioritizes gaining the human’s trust

to mitigate the long-term costs of collaboration.

2.5 Value Alignment

Value alignment is an emerging and critical concept in the field of HRI. At its core, value

alignment seeks to ensure that autonomous robotic systems act in accordance with the values,

intentions, and expectations of their human users and broader society.

Hadfield-Menell et al. [40] formally define the value alignment problem as Cooperative

Inverse Reinforcement Learning (CIRL). They show that the more traditional framework of

apprenticeship learning can be formulated as a CIRL game. Their results indicate that the

human acting optimally in isolation may not be an effective way to teach the robot. They

show that under this formulation, behaviors such as active teaching, active learning, and

communicative actions become optimal.

Fisac et al. [33] discuss a solution to the CIRL game based on established models of

cognition and theory of mind. Under this solution, the human thinks pedagogically, choosing

actions that give the most information to the robot about the underlying reward function.

The robot, in turn, expects this behavior and acts pragmatically on the human’s behavior.

This enables the robot to learn the reward function quickly and efficiently.

Milli et al. [73] compare a robot that completely abides by the human’s literal order with

a robot that instead behaves according to its estimate of the human’s underlying prefer-

ences. They use simulations to compare how much more reward the human would get if the

robot directly followed the human’s orders vs if the robot used an estimate of the human’s

preferences. Their results indicate that 1) when a human is not rational, a robot should not

directly obey their commands, 2) The optimal robot obeys only optimal commands from the

human, and uses the estimate of the reward features to drive its behavior otherwise.

Liu et al. [60] present a Bayesian approach to goal inference through the human’s motion

patterns in a human-robot collaborative task. The robot then re-plans its own motion

according to these predictions. Their results indicate that the combination of goal inference
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and dynamic task planning significantly improves both objective and perceived performance

of the human-robot team.

A bidirectional value alignment problem is studied by Yuan et al. [104]. In their study,

the human knows the true reward function and behaves accordingly while interacting as a

supervisor to a group of worker robots. The robots try to learn this true reward function

through correctional inputs to their behavior from the human. The human, on the other

hand, tries to update her belief on the robot’s belief of the true reward function and inputs

corrections to their behavior accordingly. They compare the degree of alignment of human

estimates of the robot’s value function and the degree of alignment of the robot’s value

function to the true value function. Their results reveal evidence of a bidirectional value

learning behavior from the human and the robot.

Christiano et al. [20] propose an algorithm to learn from human preferences and show

that it can be used to “solve” reinforcement learning tasks in which the robot’s goal is to

minimize cost to reach a goal state. They show that this can be done for complex tasks

within an hour of a human’s time. Additionally, they show that by incorporating human

preferences, the robot can learn more efficiently than using traditional deep reinforcement

learning methods.

Another related area of research is that of active learning [31] which focuses on the

robot’s ability to proactively query or interact with humans to improve its understanding of

the human’s underlying preferences. In contrast to passive data collection, active learning

empowers robotic systems to selectively seek information that maximally reduces uncertainty

in their models, thereby accelerating learning with fewer examples.

Sadigh et al. [87] present an algorithm to actively generate queries to understand the

underlying preferences of humans for how a dynamical system should act. They then learn

the reward by maximally removing the volume of possible reward weights based on the

answers to these queries. Their results indicate that their algorithm converges faster to the

desired reward compared to approaches that are not active or that do not synthesize queries

in an autonomous driving domain and also empirically validate their experiments in a user

study.

Basu et al. [6] generate active hierarchical queries for efficiently eliciting human pref-

erences in the HRI domain. Their approach allows for learning reward dynamics, instead

of just focusing on time invariant reward functions. Human-subject experiments show that

their learned reward dynamics match human preferences accurately.

Biyik et al. [12] present batch active preference-based methods to efficiently learn hu-

man preferences from a small number of queries. They also focus on balancing the query

generation time and the number of queries needed to learn the preferences.
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CHAPTER 3

Framework for Trust-Aware Decision-Making

Trust has been identified as a crucial factor to ensure smooth and efficient collaboration

in teams. In human-human teams, trust evolves naturally and the team members are able

to effectively gauge and adjust their trust on others. In HAT, however, the autonomous

agent needs an explicit model of human trust in order to gain an insight into the human’s

behavior. Toward this, a number of quantitative models of trust have been developed in

recent research. In this chapter, we provide a framework for integrating these trust models

into the decision-making framework of an intelligent agent. We model the human-autonomy

interaction as a trust-aware POMDP with the trust of the human on the agent as the state

variable. Therefore, the trust dynamics model acts as the state transition function. In order

for the robot to plan around the human’s behavior through their trust, we also add a human

trust-behavior model into our formulation. In this chapter, we use the reverse psychology

model of human behavior that states that the human is likely to accept a recommendation

from the intelligent agent with a probability equal to their current level of trust on the

intelligent agent. With the remaining probability, the human does the opposite of what was

recommended (thus expressing reverse psychology). We add a trust-gaining reward term

to the reward function in our trust-aware POMDP framework for encouraging the robot to

make righteous recommendations. We also introduce a reward-based performance metric to

judge the performance of the intelligent agent’s recommendations.

We demonstrate our framework in an ISR mission context through a human-subjects

study. From the collected data, we find three distinct clusters of trust dynamics types and

categorize them as Bayesian Decision Makers, Oscillators, and Disbelievers. We associate

certain personal characteristics (like personality traits, perfect automation schema, etc.) to

the type of trust dynamics a person would likely exhibit.

This chapter is based on the work published in [7]. The remainder of the chapter is or-

ganized as follows. Section 3.1 introduces the research area and provides some background;

Section 3.2 formulates the trust-aware decision making problem in an POMDP framework
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and describes the trust-behavior model as well as the trust-seeking reward function; Sec-

tion 3.3 introduces a reconnaissance mission as a relevant human-autonomy teaming use

case to examine how different settings affect the interaction; Section 3.4 reports the results

and our observations; Section 3.5 summarizes our findings and discusses the limitations and

future directions.

3.1 Introduction

Human-robot collaborations are becoming more prevalent in a range of fields including pack-

age delivery, warehouse management, search and rescue, transportation, and healthcare. To

facilitate effective human-robot collaboration, trust has been identified as a key factor. In

order to enable trustworthy human-robot interaction, substantial research efforts have been

devoted to identifying factors that influence humans’ trust in robots [41], developing com-

putational models for trust estimation [98, 38], and developing trust-aware decision making

[18, 36].

Despite these studies, existing research on trust in human-robot interaction is subject to

several major limitations. A majority of prior studies that focused on trust in automation

adopt a snapshot view of trust [101]. Trust is measured via questionnaires, typically ad-

ministered at the end of the experiment. As it is challenging to repeatedly administer trust

surveys during the normal functioning of the autonomy, this snapshot view of trust remains

inadequate in providing the robotic agent with the moment-to-moment trust of the human.

More recent developments have tried addressing this research gap via computational mod-

els of trust, capable of estimating moment-to-moment changes in trust as a human repeatedly

interacts with an autonomous agent [98, 38]. The models in these studies require the defi-

nition of a clear binary performance measure, i.e., the autonomy is either correct or wrong.

Due to this requirement, these models are used in episodic decision-making scenarios, for

example, in a search and rescue scenario where the autonomy detects if a victim is present or

not at a site independently of other search sites. In such scenarios, at every site (independent

of other sites), the autonomy’s performance is considered correct for true positive and true

negative detection, and wrong for false positive and false negative detection.

However, such models cannot be directly applied in a sequential decision-making scenario

wherein the robotic agent needs to perform complex trade-off decisions to maximize the

cumulative reward, and hence, the autonomy correctness is more difficult to quantify.

In addition, previous studies have revealed the existence of different types of trust dynam-

ics [38, 70]. In [61], the authors found two types of clusters called followers and preservers

depending on the trust-dependent behavior of the participants. In [38], the authors found
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three types of trust dynamics in an episodic task setting. We use similar clustering features

and find the same clusters in a sequential task setting. Moreover, we associate personal

characteristics with the type of trust dynamics, which has not been done in prior research.

In this study, we propose a POMDP framework with trust of the human on its autonomous

partner as a state variable. Incorporating a trust update model allows our autonomous agent

to explicitly consider trust and in turn, human behavior in its decision-making. We introduce

a reward-based performance metric to drive the trust estimation algorithm.

Finally, from data collected through human-subject experiments, we analyze how human

trust evolves with their earned reward over repeated interactions with autonomy. We find

three distinct types of trust dynamics through k−means clustering analysis and examine

associations between personal characteristics and the type of trust dynamics.

3.2 Problem Formulation

In this section, we describe the framework for modeling and incorporating trust in the

decision-making system of a robotic agent. The agent provides recommendations to their

human partner about the action that they should take, but the final decision of action

selection lies with the human. We use the trust dynamics model described in [38] with some

modifications to suit our problem. The recommendation system of the agent is modeled as

a finite horizon POMDP with trust as the state variable. The agent solves an optimization

problem to maximize the expected cumulative future reward. The specific scenario we target

is an ISR mission in which a human soldier teams up with an intelligent drone to search

through a town for the presence of threats. The recommendation system guides the soldier

on whether s/he should breach a site directly or deploy a RARV. Using the RARV prevents

any health loss to the soldier in the presence of a threat, but it takes additional time to

deploy the RARV each time. On the other hand, breaching a site directly is faster, but the

soldier will be harmed if a threat is present inside the site. Here, two natural (but conflicting)

goals that arise are to minimize any damage to the soldier while also minimizing the time

to search through all the sites.

3.2.1 Trust Aware Decision-Making

We model the ISR task as a trust-aware POMDP (Fig. 3.1) with the objective of the team

being to minimize a weighted sum of the health loss to the soldier and the time taken to

complete the mission. A trust-aware POMDP is a tuple of the form (S,A,Ω, O,H, T,R),

where S is a set of states, A is a set of actions for the autonomous agent, Ω is the set of
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Figure 3.1: Graphical Representation of our POMDP

observations, O(s) is the observation function, H is the embedded human behavior model,

T (s, a) is the transition function, and R(s, a) is a reward function that the agent tries to

maximize. Details of the definition of our POMDP are given below.

3.2.1.1 States

We use the estimated trust of the human on the robot as the state variable. More specifically,

a state is specified by a tuple (α, β). Details of how this translates to the trust of the human

are given in the description of transition function below.

3.2.1.2 Actions

At each search site, the two actions available to the autonomous agent are to either recom-

mend to use the RARV or to recommend to not use the RARV.

3.2.1.3 Observations

The two possible observations are failures or successes for the recommended actions.

3.2.1.4 Reward function

We discuss the reward function first since the observation function utilizes the rewards to

generate its output. The reward function uses a weighted average of health loss and time.

Let h and c be the (constant) health and time losses, respectively. Let wh and wc be the

weights for the health and time losses, respectively. We define Hi(ah) to be the immediate
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reward given that the human chooses action ah at site i. Then

E[Hi(ah)] = −(1− ah)d̂iwhh− ahwcc, (3.1)

where d̂i is the probability of threat presence at site i.

Then, we define Ri(ar) to be the immediate task reward at site i, given that the robot’s

recommendation is ar. Now, by fixing the robot’s recommendation to ar = a, via our human

behavior model defined in (3.6), we have

E[Ri(ar = a)]

=E[E[Ri(ar = a)|ti]]

=E[tiE[Hi(ah = a)] + (1− ti)E[Hi(ah = 1− a)]]

=t̂iE[Hi(ah = a)] + (1− t̂i)E[Hi(ah = 1− a)],

(3.2)

where the second equality is due to (3.6) and the third equality holds because E[Hi(ah = a)]

is a constant given a fixed a.

It was noted in simulations that if we only use this task based reward, the autonomous

agent learns that for most people, trust decreases after failures more easily than increasing

after successes [38], and thus it exploits this human behavior by always recommending the

opposite action. Trust being low, the human chooses the action opposite to the recom-

mendation, thus increasing performance. We call this behavior of the autonomy as reverse-

psychology. Since such deceptive behavior is undesirable, we add a trust gain reward to the

reward function to incentivize the autonomous agent to make righteous recommendations.

Therefore, we define the expected immediate reward at site i with robot’s recommendation

a as

E[IRa
i ] = E[Ri(ar = a)] + E[λi · ⊮(A)︸ ︷︷ ︸

Gi(ar=a)

], (3.3)

where the weight for “trust-gain” is given by

λi = wt

√
N − i. (3.4)

The term Gi(ar = a) represents the trust gain reward at site i. We define A as the event when

trust increases, i.e., ⊮(A) = 1 if the performance of the autonomous agent is a success and

⊮(A) = 0 otherwise (Note: we define our notion of performance via (3.5)). The parameter

λi is a weight given to the trust gain reward that decreases with the stage number. The idea

behind this is to support trust-gaining behavior near the current stage, and performance
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optimizing behavior towards the later stages of planning.

In our experiments, we used the following values for the constants, h = 100, c = 150, wh =

0.85, wc = 0.15, wt = 10. We chose these values as they resulted in about 80% threat

detection accuracy for the drone in simulations.

3.2.1.5 Observation function

The performance of the recommendations based on the outcome observed defines the ob-

servation function here. At each decision stage, the intelligent agent has two, potentially

conflicting, goals: to minimize any damage to the soldier and to minimize the time to search

through all the sites. Since the autonomous agent’s optimal recommendation comes from

a reward maximization factoring in both goals, its performance cannot directly be judged

by whether its recommendation matches with the presence of threat inside a building. To

overcome this, we define the performance of the drone based on immediate rewards earned

by the participant.

Pi =

1 if Ri(ar) ≥ Ri(1− ar),

0 otherwise.
(3.5)

At each site i, we observe the presence of threat and compute the realizations of the reward

for following the recommendation Ri(ar), and that for doing the opposite Ri(1 − ar). We

compute the performance of the drone based on these values.

3.2.1.6 Human behavior model

The embedded human behavior model encodes how a human agent responds to actions (or

recommendations) made by an autonomous agent. We assume that the probability of the

human to accept the recommendation given by the robotic agent is directly proportional

to their level of trust. If the human does not accept the recommendation, s/he selects the

opposite action of the one that was recommended. More precisely, let ar and ah denote the

action taken by the autonomous agent and the human agent, respectively.

P(ah = ar) = ti,

P(ah = 1− ar) = 1− ti.
(3.6)

Here ti is the trust level at the ith search site.
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3.2.1.7 Transition function

We modify the model described in [38] to use a binary reward-based performance for the

trust update step. We fit personalized trust parameters (α0, β0, w
s, wf ) for each participant

to model their trust.

ti ∼ Beta(αi, βi), (3.7)

t̂i = E[ti] =
αi

αi + βi

. (3.8)

Here, ti is the trust level at the ith stage. The parameters αi and βi are updated as follows,

based on the performance value outputted by the observation function (Eq. 3.5).

αi =

αi−1 + ws, if Pi = 1,

αi−1, if Pi = 0.
(3.9)

βi =

βi−1, if Pi = 1,

βi−1 + wf , if Pi = 0.
(3.10)

In our experiment, the participants report their trust level on the robot after each inter-

action (see section 3.3 for details). We use gradient descent on the Bayesian posterior given

the performance history and the prior (from [38]) over the model parameters to update our

estimates of (α0, β0, w
s, wf ) in real time after receiving this feedback from the participant.

We use the digamma function approximation presented in [74] to approximate the gradients

of the beta distribution function.

3.2.1.8 Value Iteration

We solve the POMDP using value iteration on the Bellman Equations. The action at the

current state is selected by maximizing the expected reward at the current step summed

together with a discounted value of the next state at the next stage.

V a
i = E [IRa

i ] +
∑

(αi+1,βi+1)∈S

γP(αi+1, βi+1|αi, βi, a)Vi+1. (3.11)

Vi = max
a

V a
i . (3.12)

At the final site, the action that gives the maximum immediate expected reward is chosen.
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VN = max
a

E [IRa
i ]. (3.13)

3.3 Experiment

This section describes details of the human-subject experiment. The experiment complied

with the American Psychological Association code of ethics and was approved by the Insti-

tutional Review Board at the University of Michigan.

3.3.1 Participants

A total of 46 adults participated in the study. One participant’s data was discarded as

the participant marked all survey questions in the middle and used significantly less time

compared to other participants. The remaining 45 participants consisted of 21 females and

24 males (Age: Mean = 22.8 years, SD = 3.6 years). The participants were recruited over two

phases. In the first phase, we had 31 participants. We modeled their trust dynamics using

the model described in Section III. Clustering of the trust dynamics revealed three types

with 20, 3, 8 participants respectively. As the numbers of participants in types 2 and 3 were

small for statistical analysis, we recruited another 14 participants. For the second phase

of participant recruitment, all potential participants filled a pre-experimental survey (see

Section 3.3.3 for details) and we selected the ones whose personal characteristics profile were

similar to participants identified as type 2 and type 3 in the first phase. Each participant was

reimbursed with a base pay of $20 with a bonus of up to $10 based on their performance on

the task. The performance was measured by the time taken by the participants to complete

the task and the final health level of the soldier.

3.3.2 Testbed

We developed a 3D testbed using the Unreal Engine game development platform. A screen-

shot of the testbed is shown in Fig. 3.2a. It shows the intelligent drone, the soldier, and

the RARV. Fig. 3.2b shows a screenshot of the recommendation dialog box where the par-

ticipant was recommended to not use the RARV. It also shows the two bars showing the

health level of the soldier and the time remaining to complete the mission, emphasizing the

two objectives the participants need to optimize. Once the participant makes a choice of

action, the four possibilities depending on the presence of threat and participant’s selected

actions are shown in Fig. 3.3. The participants are told that each time they encounter

a threat without using the RARV, they will lose 5 points of health while deploying the
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RARV takes approximately 10 seconds. They are told to choose an action based on their

interaction history and the recommendation from the drone. After exiting each house, the

participants are asked to adjust a slider to give feedback on their level of trust on the drone’s

recommendations.

(a) A view of the 3D environment of the testbed (b) An example of the recommendation GUI

Figure 3.2: The testbed developed in the Unreal Engine 4 game engine

3.3.3 Measures

3.3.3.1 Personality

The big 5 factors of personality (Extraversion, Conscientiousness, Agreeableness, Neuroti-

cism, and Imagination) were measured using the 20-item mini-IPIP scale [27]. This 5-point

Likert scale has been widely used in human-robot trust research [65]. This survey was

administered pre-experiment.

3.3.3.2 Perfect Automation Schema

Perfect Automation Schema (PAS) was measured using the 7-item scale developed by [72]. Of

these, 4 items measure high expectations from the autonomy and the other 3 items measure

All-or-none thinking. This was a 7-point Likert scale. This survey was administered pre-

experiment.

3.3.3.3 Propensity to Trust

Propensity to trust autonomous systems was assessed using a 6-item scale developed in [71].

This was also a 5-point Likert scale. This survey was administered pre-experiment.
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(a) No Threat, RARV Not Used (b) No Threat, RARV Used

(c) Threat, RARV Not Used (d) Threat, RARV Used

Figure 3.3: The four outcomes based on the presence of threat inside a site and the choice
of action by the participant

3.3.3.4 Moment-to-Moment Trust

During the task, the participants were asked to rate their moment-to-moment trust on the

drone by adjusting a slider on a 100-point scale.

3.3.3.5 Post-experiment trust

After the experiment, we used two scales [75, 65] for assessing trust. The first one was a

8-item questionnaire with sliders while we used 6-items from the second scale all of which

were 7-point Likert type questions.

3.3.3.6 Workload

Workload was measured using the NASA Task Load Index [43] administered after the exper-

iment. We only used 5 of the 6 items as there was no physical demand from the participants

in our experiment. All the items had the participants rate their feelings on a slider with

values ranging from Very low to Very high.
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3.3.4 Experimental procedure

Prior to the experiment, participants provided informed consent and completed several

surveys assessing their demographics, personality traits, perfect automation schema, and

propensity to trust automation. They were oriented to the steps of the experiment and

walked through each of the screens they would see during the experiment. The two-fold

objective of minimizing time and maximizing health was emphasized. Participants were told

that the robotic agent was imperfect, but they were not informed of the exact reliability level.

They were also told that the robotic agent’s recommendations would help them achieve the

two-fold objective (i.e., to minimize any damage to the soldier and to minimize the time to

search through all the sites). They were informed about the performance-based bonus pay.

Participants then proceeded to the experimental trials, wherein they had to search through

100 houses sequentially. After searching each house, the participants were asked to report

their level of trust on the autonomous agent’s recommendations. The participants took on

average 51.5 minutes to complete the task. The average threat detection accuracy of the

robotic agent was around 85% across the participants. At the end of the experiment, par-

ticipants reported their post-experiment trust toward the automated aid using two scales.

They also reported their level of workload.

3.4 Results & Discussion

3.4.1 Immediate Actual Reward as a Performance Metric

Since the participants are explicitly told to consider both the soldier’s health and the time

to complete the search as their objectives, we expect their trust to be correlated with the

immediate reward that they receive upon choosing an action. We expect that a participant’s

trust would be likely to increase if following the recommendation by the drone gets them

a higher reward that not following the recommendation and vice versa. Fig. 3.4 shows a

representative example. In the figure, a green triangle represents the site at which following

the recommendation would result in a better immediate task reward gain (Pi = 1) and the

red triangles represent the opposite. It is quite clear that a red triangle is often followed

by a decrease in trust and a green triangle is followed by an increase in trust. Thus, this

reward-based performance metric is able to capture moment-to-moment trust changes of the

participant. Using this performance metric in our trust update model, we get a prediction

root mean squared error of 0.1266 (SD = 0.078) across the participants (Note: The reported

trust values were between 0 and 1).
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Figure 3.4: Trust feedback with overlay of red and green triangles representing the rewards.
Green triangles show that the participant would receive a higher reward by following the
recommendation and red triangles show that the participant would receive a higher reward
by not following the recommendation

3.4.2 Clustering of Trust Dynamics

We employ k-means clustering to group together participants with similar trust dynamics.

Benchmarking a prior study [3], we use two features, namely the average logarithm of trust,

and the ERMS, for the clustering analysis. The average logarithm of trust represents the

overall trust a human agent has on the robotic agent, which is computed as the logarithm of

the trust feedback values over the 100 trials. The RMS error (ERMS) represents the extent

to which a human agent’s trust updating process is Bayesian. For computing ERMS, we

consider the feedback at the first 20 sites as a training set. Thereafter, we use the feedback

after every 5 sites to update the parameters of our model. Thus, we compute the ERMS over

the last 80 sites.

Fig. 3.5 shows the results of the k-means algorithm. We note elbows in the variance plot at

k = 2 and k = 3 clusters. Employing the silhouette score metric, we see that there is a peak

at k = 3. We thus choose k = 3 as the optimum number of clusters. One of the clusters

includes participants with small ERMS and generally higher values of trust. We call this

cluster Bayesian Decision Makers as their trust is well predicted by our model. The second

significant cluster consists of participants whose ERMS values are small but whose trust is

generally low. We call this cluster Disbelievers because of their low trust value irrespective

of the performance of the agent. The third significant group is one with high ERMS values,

whose trust cannot be predicted very well with our model. Their trust changes very rapidly
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(a) Variances and Silhouette Scores (b) Clusters

Figure 3.5: Clustering of participants according to their trust dynamics. The features used
are the root mean squared error between our predictions and their feedback and their average
log trust. As evidenced by the elbow in the variance plot and the maximum in the silhouette
scores plot, we chose k = 3 as the optimum number of clusters. There are 31 Bayesian
Decision Makers, 5 Disbelievers and 9 Oscillators.

from moment-to-moment, thus making it harder to predict. Representative plots of each of

these clusters can be seen in Fig. 3.6. Even though we lack the “true” cluster labels, prior

empirical studies examining trust in automation and human decision making provide face

and external validity for the three types of trust dynamics. Disbelievers have been reported in

studies investigating public’s trust and acceptance of automated driving - around 40% of a JD

power survey correspondents said they “would not ride in an (automated vehicle) regardless

of what progress is made [46].” Bayesian thinkers, who form accurate prior probabilities

and update their belief based on new information, have been observed in everyday cognitive

judgments [35]. In addition, the oscillators could be considered as Bayesian thinkers with

bounded rationality, who only update their belief based on immediate past history, resulting

in significant fluctuation in trust assessment.

We find smaller ERMS for the Bayesian Decision Makers (Mean = 0.093 and SD = 0.04)

and Disbelievers (Mean = 0.1 and SD = 0.04), compared to the Oscillators (Mean = 0.26 and

SD = 0.05), suggesting our trust dynamics model is able to accurately represent the dynamics

of Bayesian Decision Makers and Disbelievers, but is unable to represent the dynamics of

Oscillators very well.

23



(a) Bayesian Decision Maker (b) Oscillator (c) Disbeliever

Figure 3.6: Three types of trust dynamics over an interaction period of 100 sites. The blue
curve shows the reported trust feedback and the orange curve shows the model predicted
trust. The blue points represent the sites at which reported feedback was used to train the
model. Finally, the orange dots represent points sampled from the model’s beta distribution.

3.4.3 Association between Personal Characteristics and Type of

Trust Dynamics

Table 3.1: Mean and Standard Deviation (SD) of personal characteristics between the three
different trust dynamics
(BDM = Bayesian Decision Maker)

Personal Characteristic BDM Disbeliever Oscillator

Extraversion (/20) ∗ 9.5 (3.3) 5.8 (2.8) 11.3 (2.9)

Agreeableness (/20) ∗ 13.5 (2.5) 10.4 (5.0) 14.1 (1.8)

Conscientiousness (/20) 13.1 (2.7) 12.4 (3.0) 12.1 (4.5)

Neuroticism (/20) 7.9 (2.7) 6.8 (3.6) 10.2 (4.7)

Intellect/Imagination (/20) † 11.7 (2.0) 9.8 (1.8) 12.2 (1.8)

High Expectations (/28) ∗∗ 12.7 (3.9) 6.4 (2.8) 12.4 (4.2)

All or None Thinking (/21) 6.6 (2.9) 6.4 (3.4) 7.1 (3.1 )

Trust Propensity (/30) † 20.2 (4.4) 17.2 (4.1) 22.8 (3.2)

∗ ∗ −p < 0.01, ∗ − p < 0.05, † − p < 0.1

In this section, we present significant individual differences between the three identified

clusters of trust dynamics. p < .05 is considered significant.

We performed one-way Analysis of Variance (ANOVA) between the data of the clustered

participants. Results showed significant difference between the three types of trust dynamics

in Extraversion (F (2, 42) = 4.991, p = 0.011), Agreeableness (F (2, 42) = 3.276, p = 0.048),
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and the High Expectations facet of the Perfect Automation Schema (F (2, 42) = 5.752, p =

0.006). Further, propensity to trust automation (F (2, 42) = 3.002, p = 0.06) and intel-

lect/imagination (F (2, 42) = 2.687, p = 0.08) seemed to be different. However, these differ-

ences did not reach significance.

Table 3.2: Mean and Standard Deviation (SD) of post experiment metrics between the three
different trust dynamics

Personal Characteristic BDM Disbeliever Oscillator

Trust (Muir) (/100) ∗∗∗ 65.4 (13.5) 15.8 (9.9) 44.7 (26.1)

Trust (Lyons) (/7) ∗∗∗ 4.5 (0.54) 3.1 (0.6) 3.6 (0.9)

Mental Demand (/100) 39.6 (25.2) 42.0 (36.6) 50.3 (28.6)

Temporal Demand (/100) 50.8 (27.4) 62.0 (24.5) 42.9 (21.3)

Performance (/100) 58.6 (19.7) 50.8 (30.0) 46.2 (31.7)

Effort (/100) 34.3 (23.0) 34.4 (17.4) 49.8 (32.2)

Frustration (/100) ∗ 45.8 (22.2) 58.4 (25.4) 68.1 (14.3)

∗ ∗ ∗ − p < 0.001, ∗ − p < 0.05

Post-hoc analysis with Bonferroni adjustment test shows that there is a significant dif-

ference in Extraversion between the Oscillators and the Disbelievers (p = 0.009), with the

disbelievers being significantly less extroverted than the oscillators. There seemed to be

a trend that the Bayesian Decision Makers were more extroverted than the Disbelievers

(p = 0.061). However, the trend did not reach significance. Disbelievers had significantly

lower expectations from automation compared to both Bayesian decision makers (p = 0.005)

and oscillators (p = 0.023). In the case of Agreeableness, there seemed to be trends that

the disbelievers were less agreeable than the other two groups (p = 0.068 between disbeliev-

ers and Bayesian decision makers and p = 0.06 between disbelievers and oscillators). The

trends, unfortunately, did not reach significance.

Performing one way ANOVA on the post-experiment measures show significant difference

between the three types of trust dynamics in their post-experiment trust reports (Trust

questionnaire by Muir and Moray F (2, 42) = 22.167, p < 0.001, Trust questionnaire by

Lyons and Guznov F (2, 42) = 15.183, p < 0.001) and their frustration levels (F (2, 42) =

4.136, p = 0.023)).

Post-hoc analysis with Bonferroni adjustment shows that there are significant differences

between each of the three groups’ trust reports according to the trust questionnaire by

Muir and Moray (p < 0.001 between Bayesian decision makers and disbelievers, p = 0.006

between Bayesian decision makers and oscillators, and p = 0.009 between osciallators and
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disbelievers with the highest trust for Bayesian decision makers and lowest for disbelievers).

Trust reported with the trust questionnaire by Lyons and Guznov only showed significant

difference between disbelievers and Bayesian decision makers (p < 0.001), and between

oscillators and Bayesian decision makers (p = 0.002). We believe that a couple of reasons

might be behind this difference. One, the oscillators may be inherently unsure about their

level of trust on the robot, causing the high variance in their moment-to-moment trust

reports. Ultimately, the oscillators may have experienced a state of suspicion in relation

to the drone aid [67]. Suspicion represents the combination of high cognitive activity, high

uncertainty, and perceived malicious intent [13]. A perusal of the workload data does appear

to suggest that the oscillators experienced higher workload relative to the other clusters. This

may have been indicative of suspicion for the oscillators whereas the Bayesian decision makers

and the disbelievers were more certain of their trust and distrust, respectively. Secondly,

the trust measures had some conceptual differences. The Muir and Moray measure focused

on elements of trustworthiness (competence, reliability, faith, dependability, etc.) while the

Lyons and Guznov measure focused on one’s willingness to be vulnerable to the drone aid. It

is clear that the three clusters were sensitive to variations in trustworthiness, yet it appears

that only Bayesian decision makers were willing to be vulnerable to the drone aid. This has

interesting implications for trust modeling given that one’s intentions to be vulnerable are a

precursor to risk taking.

Results also showed that oscillators were significantly more frustrated than Bayesian de-

cision makers (p = 0.025)

3.5 Conclusion

In this study, we developed a framework to explicitly incorporate trust in the decision-making

system of an autonomous recommendation system. We formulated the problem of finding

the optimal recommendation as a POMDP with an objective function with performance-

maximizing and trust-gaining components. We demonstrated the presence of three distinct

types of trust dynamics - 1) Bayesian Decision Makers, who vary their trust according to

the performance of the autonomy and whose trust stabilizes after repeated interactions, 2)

Oscillators, whose trust varies wildly after each interaction, with little to no stabilization

even after many interactions, and 3) Disbelievers, whose trust in autonomy is low irrespective

of the autonomy’s performance. Our trust estimation model is able to predict the trust states

of Bayesian Decision Makers and Disbelievers with good accuracy. However, it is not able to

capture the moment-to-moment variation of trust of an Oscillator accurately, thus pointing

to a requirement to use a different model for people belonging to this category.
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Given the value of establishing a robust and dynamic model of trust among individuals

interacting with a machine partner, the current study suggests that there may be merit in

using individual differences and state measures as a basis to evaluate the feasibility of using

such methods. In particular, it would be advantageous to identify who would fall into the

three taxonomies of trust dynamics. The results suggest that those individuals classified as

Bayesian Decision makers evidenced high expectations of automation. When combined with

other state measures such as trust and frustration, one might be able to identify a profile of

the Bayesian Decision makers as the combination of individual differences and state measures

could be used to parse the sample into the three categories of trust dynamics. Knowing that

an individual might fall into one of the categories could influence whether or not a machine

partner that is equipped with a dynamic trust model is a feasible solution for that individual.

Results of the study should be viewed in light of the following limitations. First, we

assume that the human behaves according to a reverse psychology model. Incorporating

a different human trust-behavior model in our POMDP formulation could be a direction

for future work. Second, we currently assume that the weights in the reward function are

fixed. However, these weights could vary from person to person. For example, one person

can be very concerned with protecting the soldier’s health, thus having a large wh, and

another person could be more concerned with taking as little time as possible to complete

the search, thus having a larger wc. It can also be possible that the weights are a function

of the current health and time. Future research can use our framework, in conjunction with

inverse reinforcement learning [78, 40] to define personalized weights in the reward function,

thus having personalized metrics for performance of the autonomous agent. Third, we used

two features in the clustering analysis. Although these two features were based on prior

literature, additional features, such as human agents’ decision-making biases [101], could be

considered to build high-dimensional clusters in future studies. Fourth, as the number of

participants in each cluster was determined post-hoc instead of a priori, the sample size was

unbalanced. As far as we know, this is the first study to explore the association between

personal characteristics and trust dynamics. Utilizing the identified associations, future

research could create a more balanced dataset with higher statistical power.
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CHAPTER 4

Effect of Personalized Value Alignment

In the previous chapter we introduced the trust-aware decision-making framework. We

formulated the human-robot interaction scenario as a trust-aware POMDP with trust as the

underlying state, the trust dynamics model as the transition function, a reward function

that encourages increasing trust, and a human trust-behavior model to predict the behavior

of the human based on their trust.

However, we note a few drawbacks of the reward function and the human trust-behavior

model. Firstly, adding the trust-gaining reward term increases the complexity of the reward

function, making it harder to study analytically. However, we noted that without the trust

gaining reward term, if the robot uses the reverse psychology model for human behavior,

it will eventually spiral toward decreasing human trust to reduce the uncertainty of human

decisions, since the human will most likely do the opposite of what it was told. Finally,

the reverse psychology model is simple in binary action scenarios where it is easy to define

what the “opposite” of a recommendation is. In most cases, however, we will have multiple

actions available to be recommended by the intelligent agent.

In this chapter we try to address these limitations by introducing the Bounded Rationality

Disuse model of human behavior. Under this model, the recommendation system inherently

prefers higher trust states and thus we can get rid of the trust-gaining reward terms making

our reward function much simpler. This model also allows us to use Bayesian IRL to gain

insight into the underlying reward weights of the human that the intelligent agent is inter-

acting with. Thus, we enable a robot to be “adaptive” to the preferences of each human it

interacts with.

We first provide a simulation study that shows the effects of aligning the robot’s reward

function with the human, leading to different “regions” of trust. We provide a mathematical

analysis for the emergence of such regions.

We also test this framework in two human-subjects experiments: one in which the robot

starts with an unknown prior on human reward weights and the other in which it has a good
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data-driven prior on the reward weights. Our results indicate that the adaptive strategy

results in higher trust and team performance in the first case. On the other hand, we

find that if the robot already has a good prior on the human’s reward weights, further

personalization may not be necessary.

This chapter is based on work published in [8] and [9] and some unpublished work. The

rest of the chapter is organized as follows: Section 4.1 introduces the work and provides

background. Section 4.2 details the human-robot team task and formulates our problem as

a trust-aware POMDP. Section 4.3.3 presents some initial simulation results and mathe-

matical analysis. Section 4.4 details the human-subjects experiment. Section 4.5 discusses

major results and their implications. Finally, section 4.6 concludes our study and discusses

limitations and future work.

4.1 Introduction

Robots are increasingly becoming an integral part of our daily lives, marking their presence

across varied domains, including healthcare, manufacturing, education, and home assistance,

to name a few. As this integration deepens, robots are no longer perceived as tools perform-

ing isolated tasks; they are evolving as collaborative partners working with humans. In this

human-robot partnership, research into trust between humans and robots becomes increas-

ingly important [91, 11, 19, 103]. Without proper trust, the potential of human-robot teams

remains unrealized.

A considerable amount of research has been devoted to developing robots exhibiting

trustworthy behaviors, as well as investigating methods for predicting and managing the

human’s trust in the robot. For instance, one specific area of research focuses on providing

explanations of the robots’ behaviors [95, 96, 69, 64, 28] typically leading to higher perceived

trustworthiness and, subsequently, trust in the robot. Other research directions include the

developing real-time trust prediction algorithms [98, 38, 37, 94, 102], modeling trust dynamics

[23, 102, 100], developing trust repair strategies [50, 32], and developing trust-aware planning

[7, 18, 3, 17, 105, 83].

More recently, the idea of value/goal alignment – aligning the values/goals of robots

with those of humans, has garnered significant attention, with the assumption that such

alignment would benefit human-robot interaction [88, 104]. Recent literature in value/goal

alignment is primarily focused on enabling the autonomous or robotic agent to learn the

human’s values/goals through preferences [40, 12, 20] or demonstrations [33, 40, 4].

However, there is a lack of research empirically examining and quantifying the effects

of alignment on human-robot interaction processes and outcomes. Yet, there are at least
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three reasons to suggest that such alignment could be beneficial. First, prior research has

illustrated that agent adaptation to humans can enhance performance [5, 62]. Second, agent

adaptation could be viewed as the agent being responsive to the human and may, in turn,

increase human trust in the agent and enhance team performance [56]. Third, value align-

ment not only could facilitate trust establishment and enhance team performance, but it is

also important for ensuring that machine partners are morally acceptable [53].

This study investigates the effect of real-time, personalized alignment of a robot’s reward

function to the human’s values on trust and human-robot team performance through two

human-subject studies. We model the interaction between the human and the robot as a

trust-aware POMDP and use Bayesian IRL to estimate the reward weights of the human as

they interact with the robot. We compare three types of robot interaction strategies: (1)

the non-learner strategy, where the robot presumes the human’s reward function mirrors

its own; (2) a non-adaptive-learner strategy, in which the robot learns the human’s reward

function for trust estimation and human behavior modeling, but still optimizes its own

reward function; and (3) an adaptive-learner strategy where the robot learns the human’s

reward function and aligns to it. In addition, we employ different initial conditions for the

IRL learning algorithm in the two experiments, one with an informed prior and the other

with an uninformed prior.

We test the following hypotheses through data collected from human-subjects experi-

ments:

• H1: The adaptive-learner strategy will foster the highest amount of trust followed by

the non-adaptive learner strategy and then the non-learner strategy.

• H2: Participants will perform better when paired with the adaptive learner strategy

compared to the non-adaptive learner strategy, which in turn will perform better than

the non-learner strategy.

Results indicate that when starting with an informed prior, personalized alignment to

values does not seem to benefit trust or team performance, showing no support for either

H1 or H2. On the other hand, when an informed prior is unavailable, aligning to the

human’s values leads to higher trust, agreement, and reliance intentions while maintaining

the same objective team performance but improvements to perceived performance by the

human teammate, showing support for H1 and partial support to H2. However, in either of

the cases, we do not see any significant difference between the non-adaptive learner and non-

learner strategies, showing that the reward weights used in solving the trust-aware POMDP

is the most important when it comes to aligning with humans. To the best of our knowledge,
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this is one of the few studies, if not the only, that provides empirical evidence for the benefits

of value alignment.

4.2 Problem Formulation

This section describes the task for the human-robot team and the mathematical formulation

of the interaction.

4.2.1 Human-Robot Teaming Task

We use the same human-robot task as in Chapter 3. The goal for the team is again to

minimize damage to the soldier while also minimizing mission time. We also tried to separate

the drone from the recommendation system, since the participants in our previous study were

sometimes getting confused about the threat detection task and the recommended actions.

Instead, we told the participants that an intelligent agent will give you recommendations

based on the threat levels reported by the drone. Thus, the drone’s task was only to report

threat levels and the intelligent agent’s only task was to recommend actions. We then ask

the participants about their trust on the recommender agent.

4.2.2 Partially Observable Markov Decision Process

Similar to Chapter 3, we model the interaction between the human and the robot as a trust-

aware POMDP. We update the reward function and the human behavior model in this

study, as detailed below:

4.2.2.1 Reward Function

The rewards for both agents (the human and the robot) are a weighted sum of the negative

cost of losing health and losing time. The weights for these costs can be different for the

robot and the human. In general, for agent o ∈ {h, r}, the reward function can be written

as,

Ro(D, a) = −wo
hh(D, a)− wo

cc(a). (4.1)

Here, D is a random variable representing the presence of threat inside a search site, a is

the action chosen by the human to implement, o ∈ {h, r} represents the agent, either the

human h or the robot r. Note that h(D, a) is a function giving the health loss cost and c(a)

is a function giving the time loss cost.
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4.2.2.2 Human Trust-Behavior Model

A human trust-behavior model gives the probabilities of a human choosing an action, given

the robot’s action, their trust level, and other factors such as the human’s goals/values. In

our study, we make use of the Bounded Rationality Disuse Model of human trust-behavior.

This model states that the human chooses the recommended action with a probability equal

to the human’s current level of trust. If the human chooses to ignore the recommendation,

s/he will choose an action according to the bounded rationality model of human behavior.

That is, the human will choose an action with a probability that is proportional to the

exponential of the expected reward the human receives with that action. Mathematically,

P (ahi = a|ari = a) = ti + (1− ti)qa, (4.2)

P (ahi = 1− a|ari = a) = (1− ti)(1− qa). (4.3)

where ti is the human’s level of trust at the ith interaction and qa is the probability of

choosing action a ∈ {0, 1} under the bounded rationality model [73, 107, 33]. It is given by,

qa =
exp(κE[Rh

i (a)])∑
a′∈{0,1} exp(κE[Rh

i (a
′)])

. (4.4)

Here, κ is called the rationality coefficient of the human, with a higher value indicating a

more rational human, and a value of 0 indicating a human that chooses an action at random.

Note that this model can be easily extended to the case where multiple actions are possible

for the human-robot team. We will just need to sum over all actions in the denominator to

get the probabilities.

4.2.3 Bayesian Inverse Reinforcement Learning

We use Bayesian IRL to estimate the reward weights of the human as they interact with

the recommender robot. This is done by maintaining a distribution on the possible reward

weights and updating it using Bayes’ rule after observing the human’s selected action. More

precisely, if bi(w) is the belief distribution on the reward weights before the ith interaction,

the distribution after the ith interaction, bi+1(w) is given by,

bi+1(w) ∝

P (ahi = ari |ari )bi(w), if ahi = ari ,

P (ahi = 1− ari |ari )bi(w), otherwise.
(4.5)

In our formulation, we only learn a distribution over the health reward weight of the
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human, wh
h, and assume that the time reward weight is defined by wh

c := 1 − wh
h. We use

the mean of the learned distribution as an estimate of the human’s health reward weight.

The Bayesian IRL algorithm requires a prior distribution b0(w) to get started. We ran

the algorithm starting with a uniform prior on previously collected data [7] and generated

an “average” distribution that can represent the weights for the general population. In

Experiment 1, we use this informed prior for b0(w) and in Experiment 2, we use the uniform

distribution for b0(w) to simulate a case where we lack data to set an informed prior.

4.3 Simulation Study

As a first step in this research, we designed a study in simulation that looked at the effect

of the degree of (mis)alignment of reward weights between the human and the robot on the

human’s trust. This section describes the details of this simulation study and presents our

major results.

4.3.1 Threats and Threat Levels

We follow the following strategy to set the threat levels at the search sites. First, a prior

probability of threat presence d is fixed across all sites. Then, at each site independently,

threat presence is determined by a Bernoulli distribution with d as the parameter. The drone

gets an updated threat level after scanning a site. This updated threat level is generated by

a beta distribution with a peak at 0.1 for when a threat is not present and a peak at 0.9 for

when a threat is present inside the site.

4.3.2 Simulating Human Decision and Feedback

We sample from the set of trust parameters Θ that was generated from a previous study [7]

to get θ = (α0, β0, v
s, vf ) for the simulated human. These parameters are unknown to the

robot and it estimates them via maximum likelihood estimation (for details, refer to [7]).

The human also has reward weights wh
h, w

h
c (:= 1 − wh

h) which are unknown to the robot.

The human gives trust feedback by sampling from the beta distribution trust update model,

using the observed rewards associated with the recommendation to judge the performance

of the robot. The human chooses his/her action using the bounded rationality disuse model

with κ = 1.
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4.3.3 Results - Simulation Study

This section provides details about the major results from this simulation study.

4.3.3.1 Regions in End-of-mission Trust

We observed four distinct regions in the end-of-mission trust as a function of the reward

weights of the human and the robot (Fig. 4.1). If a risk-averse human is paired with a

risk-taking robot, the end-of-mission trust can get very low (the region in the top-left of the

plots in Fig. 4.1) and vice versa. This is especially true when the risk level is higher, as can

be seen in the higher difference in trust levels when the values align and when they don’t in

Fig. 4.1b compared to the same in Fig. 4.1a. In the figure on the left, the probability of

threat being present in any site was 0.3 while the same was 0.7 in the figure on the right.

(a) d = 0.3 (b) d = 0.7

Figure 4.1: The observed regions in end-of-mission trust as a function of the health weights
of the human wh

h and the robot wr
h. The figure on the left is the simulation result when there

is a relatively low chance of threat presence at any search site (d = 0.3). The figure on the
right is when there is a higher chance of threat presence at any search site (d = 0.7).

4.3.3.2 Effect of Threat Level

Since the results from the last section show some potential effects of the level of threat

associated with the mission on the end-of-mission trust, we ran another set of simulations,

this time, fixing the reward weights of the human and the robot (i.e. the trust region) and

varying the level of threat. Fig. 4.2 shows plots of the end-of-mission trust as a function of

the prior threat level d for the 4 regions of trust. Further, it is seen that if the values are

roughly aligned, trust increases. If the values are not aligned, trust is still high when the
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overall risk is low (at low threat levels d). However, the human starts to lose trust in the

robot if the values are misaligned and the risk level is high.

(a) Region 1 (b) Region 2

(c) Region 3 (d) Region 4

Figure 4.2: The effect of the prior probability of threat presence in any house d on the end-
of-mission trust, after fixing a trust region.

Fig. 4.3 shows an example when both the human and the robot are extremely risk-averse.

In this case, although there is alignment in the reward weights of the human and the robot,

the level of trust is generally very low. This is because the robot tries to maximize expected

reward, but the human is judging performance through observed rewards. At lower risk

levels, it would be better to be cautious in the long term, but it is more likely to get better

rewards in the short term by being risky. Thus, it seems to the human that the robot is

overly cautious, resulting in a decrease in trust.

4.3.3.3 Effect of Adapting to the Human’s Rewards

We can update the reward weights of the robot at each time step by using the distribution

on the reward weights of the human maintained by the robot. This results in an “adaptive”
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Figure 4.3: The effect of prior probability of threat presence in any house d on the end-of-
mission trust when the human and the robot are both extremely risk-averse

interaction strategy in which the robot adapts to human values throughout their interac-

tion. We ran simulations when the robot followed such a strategy, starting with a uniform

distribution on the reward weights. We can then compare this adaptive strategy with a non-

adaptive strategy of the robot with wr
h = 0.5 (the mean of the initial uniform distribution)

to see the effect of adapting to human preferences.

Fig. 4.4 shows the effect of the human’s health reward weight on the end-of-mission trust

reported by the human at two threat levels: low (0.3) and high (0.7). As can be seen, below

wh
h < 0.5, there is no clear difference between trust on the non-adaptive strategy and that on

the adaptive strategy. This is because at wr
h = 0.5, the robot has no preference between losing

health and losing time. However, in expectation, not using the RARV is always better than

using the RARV. Thus, the recommendation matches the human’s preferred action (since

the human also does not care about losing health when wh
h < 0.5). As a result, trust is high

for both non-adaptive and adaptive strategies. On the other hand, however, when wh
h > 0.5,

the human prefers to save health over saving time. Thus, the risky recommendations of the

non-adaptive strategy reduce trust while the adaptive strategy is able to learn this preference

and is able to maintain the human’s trust.

Fig. 4.5 compares the two strategies for two different human preferences (preferring to

lose health wh
h = 0.3 and preferring to lose time wh

h = 0.7) as the level of threat is changed.

Again, we see similar behavior that when the human prefers to lose health, both strategies

result in the same level of trust of the human on the robot. On the other hand, when the

human prefers to lose time, the non-adaptive strategy’s risky recommendations lead to a loss

in trust as the level of threat increases. Again, the adaptive strategy is able to learn these

preferences resulting in a much higher level of the human’s trust, irrespective of the level of

threat.
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(a) d = 0.3 (b) d = 0.7

Figure 4.4: Comparing the adaptive strategy with the non-adaptive strategy in the end-of-
mission trust feedback given by the simulated human for two different levels of threat. The
non-adaptive strategy sets the robot’s health reward weight to 0.5

A key takeaway from our results is that, under the bounded rationality disuse model value

alignment is, in general, good for trust. However, at low risk settings, value alignment may

not be as important for gaining trust. This conclusion is somewhat in line with the finding

of [66], wherein the authors found increased reliance on automation in high risk situations

compared to low risk situations. Parkhe and Stewart [81] claim that trust is only necessary

when the losses can exceed potential gains (i.e. when the risk is high). We take it a step

further by saying that value alignment is only necessary for trust when the risks are high.

Further, since humans are generally more concerned with observed outcomes rather than

expected rewards, the boundaries of the regions can result in lower end-of-mission trust

despite having values aligned between the human and the robot.

In light of our results, we claim that completely aligning the robot’s values to the human’s

may not always be the best, especially when the human is extremely risk-averse. This may

result in loss of performance and loss of trust. On the other hand, not aligning the values at

all will certainly lead to a loss in trust, especially in high risk situations. Thus, we postulate

that there may be merit in looking for a middle ground that trades off between fully aligning

the values and not aligning them at all. This could be a very interesting direction for future

research.

4.3.4 Analyzing the Regions

We first look at the behavior of the observed and expected one-step rewards as the weights

are varied.
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(a) wh
h = 0.3 (b) wh

h = 0.7

Figure 4.5: Comparing the adaptive strategy with the non-adaptive strategy in the end-of-
mission trust feedback given by the simulated human for two different levels of threat. The
non-adaptive strategy sets the robot’s health reward weight to 0.5

4.3.4.1 Human’s Observed Immediate Rewards

The immediate rewards observed by the human after searching a site govern the performance

of the recommendation. So, analyzing these should give us an insight into the transition

function for the trust of the human. The observed rewards by the human after searching

site i are,

rhi =


−(1− wh

h)c, if ahi = 1,

−wh
hh, if ahi = 0, Di = 1,

0, if ahi = 0, Di = 0.

(4.6)

Here, ahi is the action chosen by the human, Di represents the presence of threat at site i.

Clearly, if Di = 0, the best choice for the human is to choose to not use the armored robot

ahi = 0. When a threat is present however, the best choice depends on the value of wh
h.

If wh
h < c

c+h
, the human prefers to lose health over losing time and vice versa. Thus, this

fraction w∗
h := c

c+h
controls the performance of the recommendation, and in turn, the trust

of the human. In other words, if wh
h < w∗

h, the human always prefers to not use the armored

robot, even if a threat is present inside the site. On the other hand, if wh
h > w∗

h, the human

prefers to not use the armored robot when there is no threat and prefers to use the armored

robot when there is a threat present inside the search site. Thus, based on this, we get two

distinct transition functions for the human’s trust, represented in table 4.1.
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Table 4.1: Transition probabilities for the trust of the human depending on the health weight
of the human wh

h. Here, d̂i is the probability of threat presence after scanning site i

Pi ari
P(Pi|ari )

wh
h < w∗

h wh
h > w∗

h

1 1 0 d̂i

1 0 1 1− d̂i

4.3.4.2 One-Step Expected Reward of the Robot

We can compute the one-step expected rewards for the robot to recommend to use or not

use the armored robot. They are as follows,

E[Rr
i (0)] = −di (ti + (1− ti)p0)w

r
hh− (1− ti)p1w

r
cc. (4.7)

E[Rr
i (1)] = −di(1− ti)p0w

r
hh− (ti + (1− ti)p1)w

r
cc. (4.8)

Here, di is the updated threat level the team gets after scanning site i, ti is the trust level

of the human before entering site i, p0 and p1 are the probabilities as computed in Eq. 4.9

pai =
exp(κE[Rh

i (a)])

exp(κE[Rh
i (a)]) + exp(κE[Rh

i (1− a)])
. (4.9)

Claim 1. If the robot is less concerned about losing health, the one-step expected reward to

recommend to not use the armored robot is always higher than that to recommend to use the

armored robot, regardless of the risk level.

In other words, wr
h < w∗

h =⇒ E[Rr
i (0)] > E[Rr

i (1)].

Claim 2. If the robot cares about losing health, then at low risk levels, the one-step expected

reward to recommend to not use the armored robot is higher than that to recommend to use

the armored robot and the opposite holds when the risk level is high.

Mathematically, this translates to: if wr
h > w∗

h, then di <
wr

cc
wr

hh
=⇒ E[Rr

i (0)] > E[Rr
i (1)]

and vice versa. These claims can easily be proved by subtracting the terms in Eqs. 4.7 and

4.8 and comparing with 0.

Claim 3. At any stage, the bigger of the two one-step expected rewards increases linearly

with trust while the smaller of the two decreases with trust. Further, if the one-step expected

reward for action 1 is greater than that for action 0 at some trust level t > 0, then it is

greater for all t > 0 and vice versa.
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Figure 4.6: Plot of the one-step expected rewards for the robot

Proof. First, we note that both eqs. 4.7 and 4.8 are linear in trust ti. Thus, we only need

to check if the coefficient of ti is positive or negative. Here, we note that,

E[Rr
i (1)] > E[Rr

i (0)] ⇐⇒ diw
r
hh > wr

cc.

This comes from claim 2. So, assuming E[Rr
i (1)] > E[Rr

i (0)] we show that the claim holds

true.

coeff of ti in E[Rr
i (1)] = −wr

cc+ diw
r
hhp0 + wr

cc(1− p0)

> −wr
cc+ wr

ccp0 + wr
cc(1− p0)

= 0,

coeff of ti in E[Rr
i (0)] = −diw

r
hh+ diw

r
hhp0 + wr

cc(1− p0)

< −diw
r
hh+ diw

r
hhp0 + diw

r
hh(1− p0)

= 0.

A very similar argument shows that the same holds true for the other case (E[Rr
i (1)] <

E[Rr
i (0)]) as well.

Further, by substituting ti = 0 in eqs. 4.7 and 4.8, we can easily see that their values are

equal at zero trust. Proving the second part of this claim is then trivial by using the fact

they are linear with oppositely signed slopes (see Fig. 4.6).

An implication of this claim is that the value function at the last decision-making stage

increases with trust In other words, at the last stage, the robot prefers states with higher

trust levels.
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4.3.4.3 Value Function of the Robot

The value function of the robot can similarly be analyzed. It is important to note which

transition function is applicable according to the health weight of the human wh
h. We can

make and prove the following claims on the value function of the robot.

Figure 4.7: A graph representing the penultimate stage of decision making. Here, the trust
decreases as we go from top to bottom in either of the two stages. The transition probabilities
are a function of the health weight of the human wh

h and the action a.

Claim 4. The value function at any stage increases with trust.

Proof. This can be proved via backward induction. According to the performance-based

trust update model we use, at the ith decision stage, there are i possible levels of trust. Let

these be denoted by ti,j, j ∈ {1, 2, · · · i}. Without loss of generality, we assume that the

following relation holds at every stage i, k < j =⇒ ti,k > ti,j. Fig 4.7 shows how the state

transitions work at the (N−1)th stage of decision-making. Since the transition functions are

different for regions 1 and 2 and regions 3 and 4 (see Table 4.2 for the definition of region

numbers), we complete the proof separately for the two cases.

Case 1: Proof for regions 1 and 2. At the (N − 1)th stage, the q-value function can be
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written as,

QN−1(tN−1,i, 0) = EtN−1,i
[Rr

N−1(0)] + γVN(tN,i),

QN−1(tN−1,i, 1) = EtN−1,i
[Rr

N−1(1)] + γVN(tN,i+1).

Case 1a: Suppose d ≤ wr
cc

wr
hh
. Then, EtN−1,i

[Rr
N−1(0)] ≥ EtN−1,i

[Rr
N−1(1)]. Here,

clearly QN−1(tN−1,i, 0) > QN−1(tN−1,i, 1). Further, both the terms in the expression for

QN−1(tN−1,i, 0) increase with trust. Thus, the value function at stage N − 1 also increases

with trust.

Case 1b: Suppose d > wr
cc

wr
hh
. Then, EtN−1,i

[Rr
N−1(0)] < EtN−1,i

[Rr
N−1(1)]. Further, these are

equal at zero trust (claim 3) and EtN−1,i
[Rr

N−1(0)] decreases with trust while EtN−1,i
[Rr

N−1(1)]

increases with trust. We have

VN−1(tN−1,i) ≥ QN−1(tN−1,i, 1)

= EtN−1,i
[Rr

N−1(1)] + γVN(tN,i+1)

> EtN−1,i+1
[Rr

N−1(1)] + γVN(tN,i+1)

> EtN−1,i+1
[Rr

N−1(1)] + γVN(tN,i+2)

= QN−1(tN−1,i+1, 1),

and

VN−1(tN−1,i) ≥ QN−1(tN−1,i, 1)

= EtN−1,i
[Rr

N−1(1)] + γVN(tN,i+1)

> EtN−1,i+1
[Rr

N−1(1)] + γVN(tN,i+1)

> EtN−1,i+1
[Rr

N−1(0)] + γVN(tN,i+1)

= QN−1(tN−1,i+1, 0).

The third inequality uses the latter part of claim 2.

Case 2: Proof for regions 3 and 4. At the (N − 1)th stage, the q-value function can be

written as,

Q(tN−1,i, 0) = EtN−1,i
[Rr

N−1(0)] + γ((1− d)VN(tN,i) + dVN(tN,i+1)),

Q(tN−1,i, 1) = EtN−1,i
[Rr

N−1(1)] + γ(dVN(tN,i) + (1− d)VN(tN,i+1)).

Case 2a: Suppose EtN−1,i
[Rr

N−1(0)] < EtN−1,i
[Rr

N−1(1)]. This implies that Et[R
r
N−1(1)]

increases with trust and the other one decreases with trust. Again, their values are equal at
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Figure 4.8: The 2-stage decision-making problem at the ith search site. Here, again, the
trust decreases from top to bottom

zero trust.

VN−1(tN−1,i) ≥ QN−1(tN−1,i, 1)

= EtN−1,i
[Rr

N−1(1)] + γ(dVN(tN,i) + (1− d)VN(tN,i+1))

> EtN−1,i+1
[Rr

N−1(1)] + γ(dVN(tN,i+1) + (1− d)VN(tN,i+2))

= QN−1(tN−1,i+1, 1),

VN−1(tN−1,i) ≥ QN−1(tN−1,i, 1)

= EtN−1,i
[Rr

N−1(1)] + γ(dVN(tN,i) + (1− d)VN(tN,i+1))

> EtN−1,i+1
[Rr

N−1(1)] + γ((1− d)VN(tN,i+1) + dVN(tN,i+2))

> EtN−1,i+1
[Rr

N−1(0)] + γ((1− d)VN(tN,i+1) + dVN(tN,i+2))

= QN−1(tN−1,i+1, 0).

Therefore, we have VN−1(tN−1,i) > max{QN−1(tN−1,i+1, 0) and QN−1(tN−1,i+1, 1)} =

VN−1(tN−1,i+i).

Case 2b (when EtN−1,i
[Rr

N−1(0)] > EtN−1,i
[Rr

N−1(1)]) can be proved with a similar argu-

ment.

Thus, we have shown that the value function at stage N − 1 increases with trust, given that

the value function at stage N increases with trust. This result can be repeatedly applied to

show that the value function increases with trust at each stage.

An implication of this result is that the N-stage decision-making model can be effectively

condensed into a 2-stage decision-making model for easier analysis. Fig. 4.8 shows the 2-stage
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decision making problem. This, however, comes at the cost that we only get information

about the relative orders of the value function at the two trust states. We lose information

about the exact values of the value function. Nevertheless, we can infer some results about

the behavior of trust in these regions. Table 4.2 associates a number with a region and

defines the boundary of the region.

Table 4.2: Region numbers and their boundaries

Region No. wh
h wr

h

1 < w∗
h < w∗

h

2 < w∗
h > w∗

h

3 > w∗
h < w∗

h

4 > w∗
h > w∗

h

From our mathematical analysis, we can make the following claims about the regions,

Claim 5. In region 1, the robot prefers to recommend to not use the armored robot irrespec-

tive of the threat level. The human also prefers losing health over losing time. Thus, trust

increases after every interaction with certainty.

Claim 6. In region 2, if di ≤ wr
cc

wr
hh
, the robot prefers to recommend to not use the RARV.

This increases trust with probability 1. However, if di >
wr

cc
wr

hh
, the robot may choose to either

recommend to use or not use the armored robot depending on the discount factor γ, the prior

threat level d, and other simulation parameters. Whenever the robot recommends to use the

armored robot, trust decreases with probability 1.

We will now prove the two claims above.

Proof. At search site i, the robot considers the next N − i sites for computing its expected

future reward. The q-value function at this stage of decision-making can be written as,

Qi(ti,1, 0) = Eti,1 [R
r
i (0)] + γVi+1(ti+1,1),

Qi(ti,1, 1) = Eti,1 [R
r
i (1)] + γVi+1(ti+1,2).

In region 1, since wr
h < w∗

h, Eti,1 [R
r
i (0)] > Eti,1 [R

r
i (1)]. Also, we have shown earlier that

Vi+1(ti+1,1) > Vi+1(ti+1,2). Thus, irrespective of the threat level d, Qi(ti,1, 0) > Qi(ti,1, 0).

Hence, in region 1, the robot always chooses action 0. In this region, since wh
h < w∗

h, the

human prefers losing health to losing time. Thus, the recommendation of action 0 always

increases trust.
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In region 2, since wr
h > w∗

h, di ≤
wr

cc
wr

hh
⇐⇒ Eti,1 [R

r
i (0)] > Eti,1 [R

r
i (1)]. Thus, if this condition

on di is satisfied, the robot will choose action 0. Since the human does not care about losing

health in region 2, this action leads to a trust increase. If this condition is not satisfied,

however, the robot may choose action 0 or action 1 depending on the relative values of the

value function and the expected one-step rewards.

Claim 7. In region 3, the robot chooses to recommend to not use the armored robot when

di < 0.5 which results in an increase in trust with probability 1 − d̂i. When di > 0.5, the

robot may choose either action depending on the simulation parameters.

Claim 8. In region 4, the robot chooses the action that gives a higher probability of trust

increase when either di < min
{

wr
cc

wr
hh
, 0.5

}
or di > max

{
wr

cc
wr

hh
, 0.5

}
. The robot may choose

either action depending on the simulation parameters if di is in between these limits. This

again enables us to give a lower bound on the probability of trust increase.

We will now prove the two claims above.

Proof. Again, at search site i, we can write the q-value function as,

Qi(ti,1, 0) = Eti,1 [R
r
i (0)]

+ γ((1− di)Vi+1(ti+1,1) + diVi+1(ti+1,2)),

Qi(ti,1, 1) = Eti,1 [R
r
i (1)]

+ γ(diVi+1(ti+1,1) + (1− di)Vi+1(ti+1,2)).

Here, we have the following relations,

di <
wr

cc

wr
hh

⇐⇒ Eti,1 [R
r
i (0)] > Eti,1 [R

r
i (1)],

di < 0.5 ⇐⇒ ((1− di)Vi+1(ti+1,1) + diVi+1(ti+1,2)) >

(diVi+1(ti+1,1) + (1− di)Vi+1(ti+1,2)).

Thus, action 0 (1) is chosen with certainty if di < min{0.5, wr
cc

wr
hh
} (di > max{0.5, wr

cc
wr

hh
}). This

increases trust with probability 1 − d̂i (d̂i). Here, d̂i is the posterior probability of threat

presence after scanning a site. The action chosen will depend on the relative values of the

one-step rewards and the discounted future reward if di is between these extremes.

In region 3, since wr
h < w∗

h,
wr

cc
wr

hh
> 1. And hence, we only need to compare di with 0.5.
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4.4 Experiment

This section provides details about the testbed and the human-subject experiments. The

experiments complied with the American Psychological Association code of ethics and were

approved by the Institutional Review Board at the University of Michigan. We use the same

testbed from Chapter 3, with the modified GUI elements discussed earlier.

4.4.1 Testbed

We slightly modify the testbed used in Chapter 3 for the human-subjects study in this work.

We update the recommendation interface to give more information to the participants to

enable them to make a more informed decision. As can be seen in Fig. 4.9, now, along

with the recommendation, the interface reports the chance of threat presence reported by

the drone, and the time to search with and without the RARV. This helps the participants

(a) make their own decision, and (b) utilize the recommendation if they need it. This fits

directly into the idea of our new human behavior model, wherein humans will choose their

own action based on bounded rationality if they do not trust the recommendations enough.

We also update the trust feedback interface (Fig. 4.10) to include more information to

help participants make informed decisions about their trust level. This was done to satisfy

concerns from a few participants in our first study, who reported that it was slightly difficult

to remember the recommendation, the outcome, and their decision after a few repeated

interactions. Therefore, we added the threat level reported, recommendation, participant’s

choice of action, whether threat was encountered, and the time to search to the feedback

slider interface. This helped participants with recall of the current interaction.

We also reduce the number of search sites from 100 to 40, since we found that if the

participants’ trust settled, it settled within a few interactions. Otherwise, they showed the

properties of trust oscillators. We also wanted to design a within-subjects study with three

conditions, and reducing the number of search sites meant that the participants could finish

the experiment within a reasonable amount of time (about 75 minutes).

4.4.2 Participants

We collected data from a total of 54 participants, 30 of which participated in experiment

1 (Age: Mean 22.6 years, SD 3.6, 14 Female) and 24 participated in experiment 2 (Age:

Mean 21.4 years, SD 2.3, 12 Female). All participants were students from the University of

Michigan.
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Figure 4.9: The recommendation interface

4.4.3 Experiment Design

We designed three interaction strategies for the intelligent agent:

• Non-learner: The intelligent agent does not learn the reward weights of the human. It

assumes that the human and the intelligent agent share the same reward weights and

uses these for recommendation success assessment, trust updating, human behavior

modeling, and POMDP optimization.

• Non-adaptive learner: The intelligent agent learns personalized reward weights for

each human it interacts with. It only uses these learned weights for recommendation

success assessment, trust updating, and human behavior modeling. It still optimizes

the POMDP with its own fixed reward weights.

• Adaptive learner: The intelligent agent learns personalized reward weights for each

human. It uses them for recommendation success assessment, trust updating, and

human behavior modeling, and also optimizes the POMDP based on these reward

weights.

We employed a within-subjects design. Each participant completed three missions. In

each mission, they interacted with an intelligent agent using one of the interaction strategies.

To minimize potential order effects, a 3× 3 Latin Square design was used.
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Figure 4.10: The trust feedback slider used to get feedback from the participants after every
search site. The mission timer is paused when the slider is shown to let the participants take
their time in adjusting their trust.

4.4.4 Measures

4.4.4.1 Pre-experiment Measures

Prior to the experiment, participants filled in a demographic survey indicating their age,

gender, academic department, nationality, frequency and skill of playing video games, and

familiarity with AI/ML algorithms. Participants also filled in questionnaires about their

personality, propensity to trust autonomy, and decision-making style.

4.4.4.2 Pre-mission Measures

Before each of the three missions, participants rated their preferences.

• Task Preference: Before the beginning of each mission, we ask the participants to

rate their preference between saving health and saving time by moving a slider between

these two objectives, showing their relative importance.

4.4.4.3 In Experiment Measures

After each site’s search was completed (i.e., every trial), the participants were asked to

report their level of trust in the intelligent agent, ti (see fig. 4.10 for the exact question

asked during the interaction). The slider values were between 0 and 100 with a step of 2

points. Additionally, for every trial, we measured whether the participants agreed with the

intelligent agent. With the trial-based data, we measured the following:
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• Average Trust: This was calculated as the empirical mean trust 1
M

∑M
i=1 ti.

• End-of-mission Trust: This was the participant’s self-reported trust after the last

trial, tM .

• Number of Agreement: This was computed as the number of times the participant

chose the recommended action.

Note that M = 40 is the number of sites in a mission.

4.4.4.4 Post-mission Measures

After every mission, participants filled out a post-mission survey gauging the following items.

• Post-mission trust questionnaire: This was measured using Muir’s trust question-

naire [75]. It has 9 questions, each with a slider range between 0 and 100.

• Post-mission Reliance Intentions: This was measured using the scale developed

in Lyons et al. [63]. We used 6 of the 10 items that were relevant for this task. Each

item was rated on a 7-point Likert scale.

• Workload: Workload was measured using the NASA TLX scale [43]. We used 5 of

the 6 dimensions as our experiment involved minimal physical demand. Each item was

measured using a slider ranging from very low to very high.

• Performance: We computed the team performance by a weighted sum of the percent-

age health remaining of the soldier and the percentage time remaining in the mission.

Performance = ŵh
h · (%hM) + ŵh

c · (100−%cM). (4.10)

where ŵh
h and ŵh

c := 1 − ŵh
h are the reported preferences by the participant before

beginning the mission, %hM is the percent health remaining and %cM is the percent

time spent at the end of the mission. This metric allows us to convert the two conflicting

objectives with different units of measurement into one unified scale. The higher the

value, the better the team performance.

4.5 Results

This section summarizes our results and discusses the implications. Table 4.3 tabulates the

results from the two experiments. Repeated measures ANOVA were conducted to compare
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the three interaction strategies. Greenhouse-Geisser corrections to the degrees of freedom

were made whenever a measure failed Mauchly’s test of sphericity. In Experiment 1, we

initiated the IRL learning algorithm with an informed prior. In Experiment 2, the learning

algorithm started with an uninformed prior.

Table 4.3: Mean and standard deviation (SD) of dependent measures for the three interaction
strategies in Experiments 1 and 2. NL - Non-learner, NAL - Non-Adaptive Learner, AL -
Adaptive-learner. All values are Mean ± SD

Experiment 1: with informed prior
NL NAL AL

Average trust 1
M

∑M
i=1 ti 0.73± 0.16 0.71± 0.20 0.72± 0.14

End-of-mission trust tM 0.81± 0.18 0.76± 0.21 0.76± 0.16
Muir’s trust questionnaire 74.20± 14.80 71.09± 23.17 68.28± 17.4
Number of agreements 36.03± 3.72 35.27± 4.68 36.00± 2.60
Reliance intentions scale ∗ 4.34± 1.01 4.10± 1.35 3.70± 1.27
Workload 36.87± 18.04 34.45± 17.02 39.03± 16.85
Performance 61.47± 18.12 60.25± 17.03 55.83± 20.39

Experiment 2: with uninformed prior
NL NAL AL

Average trust 1
M

∑M
i=1 ti

∗ 0.42± 0.20 0.45± 0.22 0.65± 0.20
End-of-mission trust tM

∗ 0.33± 0.30 0.35± 0.29 0.64± 0.30
Muir’s trust questionnaire ∗ 34.51± 19.79 34.97± 17.41 60.57± 23.71
Number of agreements ∗ 28.17± 5.49 28.67± 4.65 35.62± 2.93
Reliance intentions scale ∗ 2.16± 1.22 2.38± 1.16 3.58± 1.32
Workload ∗ 38.18± 13.79 39.82± 14.94 31.13± 10.64
Performance 45.86± 16.20 49.11± 14.25 51.60± 18.68
∗ − p < 0.05

4.5.1 Trust, Agreement, and Reliance Intention

4.5.1.1 Experiment 1: with informed prior

We observed no significant difference between the three strategies in average trust (F (2, 58) =

0.308, p = 0.736), end-of-mission trust (F (2, 58) = 1.192, p = 0.311), and the Muir’s trust

scale (F (2, 58) = 1.550, p = 0.221).

Additionally, there was no significant difference in the number of agreements (F (2, 58) =

0.755, p = 0.475) across the three strategies. However, there was a significant difference

in reliance intentions (F (1.543, 44.737), p = 0.031) (Fig. 4.11). Pairwise comparisons with

Bonferroni adjustments revealed a lower intent to rely on the adaptive learner strategy than

the non-learner strategy (p = 0.012).
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Thus, in terms of subjective trust, we were not able to support hypothesis H1. In fact,

for reliance intentions, the data showed a behavior opposite to our hypothesis where the

non-learner was rated higher in terms of future reliance intentions than the adaptive-learner

strategy. This may be due to the fact that the real-time adaptation by the adaptive-learner

strategy may lead to lower predictability of the robot’s recommendations compared to the

non-learner strategy, whose behavior will be more consistent throughout the interaction. This

unpredictability may have lowered the intention to rely on the adaptive-learner strategy.

Figure 4.11: Exp 1 – Post-mission reliance intentions

4.5.1.2 Experiment 2: with uninformed prior

Figs. 4.12, 4.13, 4.14 show the comparisons of the three strategies in trust. Repeated

measures ANOVA revealed significant differences between the three strategies in average

trust (F (2, 46) = 14.161, p < 0.001), end-of-mission trust (F (2, 46)) = 12.736, p < 0.001,

and Muir’s trust scale (F (1.586, 36.473) = 16.3, p < 0.001). Pairwise comparisons with

Bonferroni adjustments revealed that the adaptive-learner strategy led to higher average

trust, end-of-mission trust, and post-mission trust compared to the non-learner strategy

(p < 0.001, p = 0.001 and p < 0.001, respectively) and compared to the non-adaptive

learner strategy (p = 0.003, p < 0.001, p < 0.001, respectively).

Regarding the number of agreements (Fig. 4.15), there was a significant difference among

the three strategies (F (1.584, 36.435) = 25.829, p < 0.001). Post-hoc analysis showed

that there was a significant difference between the non-learner and the adaptive-learner

51



Figure 4.12: Exp 2– Average trust 1
M

∑M
i=1 ti

strategies (p < 0.001) and between the non-adaptive-learner and adaptive-learner strategies

(p < 0.001).

Comparing reliance intentions (Fig. 4.16), there was a significant difference between the

three strategies (F (2, 46) = 13.691, p < 0.001), with the adaptive-learner strategy rated

higher than the non-learner strategy (p < 0.001) and the non-adaptive-learner strategy

(p = 0.004).

Here we see a clear support for hypothesisH1, with the adaptive-learner strategy realizing

the highest amount of subjective trust and reliance intentions. We still did not see any

significant difference in terms of these metrics between the non-learner and non-adaptive

learner strategies, showing that the reward function being used in the robot’s optimization

routine is most important when it comes to aligning with human values.

4.5.2 Performance

4.5.2.1 Experiment 1: with informed prior

Even though there seemed to be a decreasing performance trend from non-learner to non-

adaptive learner and to adaptive learner (i.e., 61.47±18.12, 60.25±17.03, and 55.83±20.39)

the trend did not reach statistical significance (F (2, 58) = 2.067, p = 0.136).

We were not able to show support for hypothesis H2 in this case, as the participants

performed very similarly when interacting with any of the interaction strategies.
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Figure 4.13: Exp 2– End-of-mission trust tM

4.5.2.2 Experiment 2: with uninformed prior

There seemed to be an upward trend from non-learner to non-adaptive learner and to

adaptive-learner. Unfortunately, it did not reach significance.

Even in the uniform prior case, we were not able to show support for hypothesis H2

in this case, as the participants performed very similarly when interacting with any of the

interaction strategies. It is interesting to see that even though the participants trusted the

adaptive-learner strategy more, they performed similarly in all three conditions. This is

most likely because in our scenario, since we present the participants with a chance of threat

presence, it is possible for them to make their own action choice. This action choice matches

the recommendation given by the adaptive learner strategy leading to higher trust and lower

workload, but their action choices are what determine the performance, and hence, it remains

the same between the three strategies.

4.5.3 Workload

4.5.3.1 Experiment 1: with informed prior

Comparing the average workload across the three interaction strategies showed no signifi-

cant difference (F (2, 58) = 2.634, p = 0.089) (Table 4.3). Additionally, repeated measures

ANOVA did not reveal any significant differences between the three strategies in any of the

dimensions.
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Figure 4.14: Exp 2– Post-mission trust questionnaire

4.5.3.2 Experiment 2: with uninformed prior.

Comparing the average workload (4.3) across the three interaction strategies showed a signif-

icant difference (F (2, 46) = 10872, p < 0.001). Figure 4.17 shows the participants’ responses

on each dimension. There were significant differences between the three strategies in perfor-

mance (F (2, 46) = 5.443, p = 0.008), effort (F (2, 46) = 4.252, p = 0.02), and frustration

(F (2, 46) = 5.454, p = 0.007).

Pairwise comparisons with Bonferroni adjustments showed that the adaptive-learner strat-

egy led to higher perceived performance compared to the non-adaptive learner (p = 0.037)

and to the non-learner (p = 0.044) strategies and led to lower frustration compared to the

non-adaptive learner (p = 0.032) and to the non-learner (p = 0.017) strategies.

If we include the perceived performance as a measure of performance, we see some support

for hypothesis H2 in this case. The participants felt that they performed better when

paired with the adaptive-learner strategies. This points to a need to look at performance

not only through objective, task-based measures, but to develop more holistic measures of

performance that consider trust, workload, and objective performance all in one metric.

4.6 Discussion and Conclusion

In this study, we developed and compared three robot interaction strategies: the non-learner

strategy, the non-adaptive-learner strategy, and the adaptive-learner strategy, with and with-
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Figure 4.15: Exp 2– Number of agreements

out an informed prior for the IRL learning algorithm. We focused on evaluating their

influence on various human trust in the robot, agreement, reliance, workload, and team

performance.

4.6.1 Value Alignment with an Informed Prior

One critical insight from the research is the observed “uniformity” across all three interaction

strategies when the IRL algorithm is initiated with an informed prior. In Experiment 1, the

informed prior was calculated by training on a previously collected dataset using the same

testbed and with participants from the same population as this study. Therefore, the calcu-

lated prior was considered an accurate estimation of the participants’ true values/goals. The

resulting prior was realistically skewed toward saving health rather than saving time. With

this accurate informed prior, the three interaction strategies were more-or-less indistinguish-

able. Among all the dependent measures, including trust, agreement, reliance intentions,

performance, and workload, we observed only one significant difference in reliance inten-

tions. This large uniformity across the three strategies could be because, with an accurate

informed prior on human values, there is no room for significant alignment to be done by

the adaptive-learner strategy. This highlights that when a robot’s reward function is already

closely aligned with that of the human a-priori, adaptive strategies may exhibit negligible

benefits.

Out of expectation, we observe a significant difference in post-mission reliance intentions,
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Figure 4.16: Exp 2– Post-mission reliance intentions

where participants were willing to rely on the non-learner more than the adaptive-learner

strategies. This result could have been because any alignment from the adaptive-learner

strategy, although very limited, could be regarded as a lack of predictability. As pointed out

in research on teamwork, the ability to predict the actions of one’s teammate is vital [24, 51].

4.6.2 Value Alignment with an Uninformed Prior

In Experiment 2, when the IRL learning algorithm was initiated with an uninformed uniform

prior, we observed significant benefits of value alignment. The adaptive-learner strategy led

to significantly higher trust, high agreement, and reliance intentions. In addition, partici-

pants had higher perceived performance and lower frustration interacting with the adaptive

learner, while the team performance was maintained. Thus, in the absence of a good initial

prior, our adaptive framework can be used to build trust in the robot. This scenario under-

lines the importance of adaptive strategies in real life where a good a-priori estimation of

the human’s values/goals is oftentimes unavailable, offering an approach to building trust

while maintaining performance.

The results from Milli et al. [73] showed that robots should not be completely obedient

to humans who are not acting rationally. Instead, when interacting with such humans,

the robot should use its estimation of the human’s underlying reward function. We extend

this by providing a human-subjects study showing that personalized value alignment is only

beneficial when a good prior on the human’s reward weights is unavailable
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Figure 4.17: Exp 2: Responses on the NASA TLX scale

4.6.3 Implications for a Broader HRI Context

The algorithmic focus of existing work on value alignment [40, 33, 104] has one implicit

assumption: aligning a robot’s values with a human’s is beneficial. Our study is the first

attempt to examine whether and to what extent such alignment can benefit trust, workload,

and team performance. We show that personalized value alignment is beneficial only when

an informed prior is unavailable. The implications of our study should extend to other real-

life HRI scenarios involving conflicting objectives. For instance, a rehabilitation robot must

balance a patient’s pain tolerance with long-term health goals when assigning the appropriate

level of exercise.

Our study involved a relatively homogeneous participant group, leading to the calculation

of a fairly accurate informed prior. However, achieving such accuracy in real-world settings

with demographically diverse individuals is more challenging. In such cases, aligning a robot’s

values with those of individual human users becomes essential. The benefits obtained from

value alignment are key for the acceptance and adoption of robots in homes and workplaces,

highlighting the need for adaptable strategies in HRI design.

Further, the idea of incorporating a layer of trust in the decision-making system of an

intelligent agent trying to align its values to that of the human user is an interesting area to
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explore in other HRI domains like shared control, social robotics, etc.

4.6.4 Limitations and Future Research

The results of our study should be seen in light of the following limitations. First, we

provide a demonstration in the case when there are only two components in the team’s

reward function. Therefore, we only need to learn the human’s preference for one of the

two components and can ascertain their relative preference between the two objectives. Our

formulation, however, can readily be extended to the case where there are more than two

objectives in the team’s reward function, with additional computations required to learn and

maintain a distribution over each reward weight.

Second, our simulated scenario consists of binary actions. Judging the performance of the

recommendations is fairly easy in this case, since we only need to compare the rewards earned

for these two actions. In case more than two actions are available, this assessment becomes

more difficult. Thus, although the human trust-behavior model can be readily extended to

such a case of multiple actions, extending the trust dynamics model is challenging and is an

interesting avenue for future research.

Third, in our scenario, there is an expected skewness among the general population to be

more concerned about saving health. It would be interesting to study cases where the two

objectives are more balanced, resulting in a more balanced informed prior. In such cases,

personalized adaptation may still be beneficial.

Finally, our scenario, which entails a trade-off between ”saving health” and ”saving time”,

and the decision to use or not use an armored robot, is informed by the complex decision-

making scenarios in real-life HRI contexts, such as DARPA SQUAD-X program in which

individuals receive recommendations from air and ground robots for various tasks. While our

scenario offers insights into these types of decisions, we recognize it as a simplified representa-

tion of situations where decisions involve numerous objectives, a variety of recommendations,

and possible actions. Therefore, further research is essential to determine the applicability

of our findings in more complex, real-world environments and to validate the robustness of

our conclusions in diverse and dynamic HRI settings.
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CHAPTER 5

Refining the Reward Function: Adding State

Dependence

In the previous chapter, we introduced the idea of personalization of reward weights through

Bayesian IRL. However, our human-subject studies showed minimal improvement in trust

and team performance in the case when the intelligent agent starts with a good prior on

the reward weights of the human. We did, however, make a major assumption in that

chapter - human reward weights do not change with the context of interaction. In our case,

the context is the health remaining of the soldier and the time remaining to complete the

mission. However, intuitively, this assumption does not seem to hold true. We think that

people would be willing to take more risks (aka low reward weight for losing health) when

the soldier’s health is high and the mission time remaining is low. On the other hand, people

would be very risk-averse (high reward weight for losing health) when the soldier’s health is

already low and there is plenty of mission time left. In this chapter, we try to address this

limitation by explicitly including this context into the state of the trust-aware POMDP.

We provide a framework for learning the context-dependent reward weights through

queries asked to human participants. We collect data from Amazon Mechanical Turk

(MTurk) and learned a “state-dependent” reward function. We then compare two robot

strategies - one using this state dependent reward function and the other using the constant

reward function from the last chapter under differing levels of vulnerability for the soldier.

Our results indicate that the state-dependent reward function results in higher trust and

better team performance, especially in the high vulnerability case.

This chapter is based on work published in [10]. The remainder of the chapter is organized

as follows: Section 5.1 introduces the topic and provides some background. Section 5.2

presents details of our mathematical model of human-robot interaction in a context where the

robot acts as an action recommender to the human. Section 5.3 details the first study within

this work, dealing with learning a data-driven state dependent reward function through

Amazon Mechanical Turk. Section 5.4 presents an initial simulation study. Section 5.5
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presents details about the human-subject study study where we compare a robot using this

state dependent reward function with a robot using a constant reward function through an

in-person human subjects experiment. Finally, Section 5.6 discusses the implications of our

results and some limitations and directions of future work.

5.1 Introduction

With recent technological advances in Artificial Intelligence and Robotics, researchers are

moving from a human-automation interaction perspective to a human-autonomy teaming

perspective [68, 79]. As these autonomous systems become more and more capable to work

in uncertain, never-before-seen environments, they continue to be seen more as teammates

rather than tools to be used by a human operator.

To facilitate smooth and effective team collaboration, trust [55] in the autonomous agent

has proven to be a very important factor. The area of research concerning trust-driven

human-robot interaction has seen an enormous rise in popularity in recent years [57, 7, 36, 94].

Further, responsivity in autonomous agent behavior [19] has been postulated to be almost

as important, if not more, than reliability in the context of human-autonomy teaming. In

this work, we try to frame responsivity of autonomous systems through a state dependent

reward function perspective and compare it with another system using a constant (non

state dependent) reward function. We study these differences in the context of a ”robot

recommender - human decision-maker” scenario wherein the robot tries to maximize the

reward function over the planning horizon. Our results indicate that a robot using such

a state dependent reward function results in higher trust and better team performance

compared to the robot using a constant reward function, especially in a context where the

vulnerability of the human is high.

Our contributions in this chapter include:

• We present a framework for learning a state dependent reward function in a two objec-

tive human-robot collaboration task where the robot acts as an action recommender

to the human. We demonstrate this framework through a human-subjects study done

over Amazon Mechanical Turk.

• We compare two interaction strategies - one using the learned state dependent reward

function and the other using a constant reward function - on trust and team perfor-

mance through an in-person human-subjects study. Specifically, we test the following

hypotheses:
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– H1: The state dependent strategy will lead to higher trust compared to the

constant strategy.

– H2: Participants will perform better when paired with the state dependent strat-

egy compared to when they are paired with the constant strategy.

– H3: Vulnerability will have a moderating effect on the relationship between the

robot strategy and trust/performance.

5.2 Mathematical Modeling

We use the same trust-aware POMDP framework introduced in Chapter 3, with a modified

state-space, transition function, and reward function to incorporate the state-dependence

of reward weights. We also use the Bounded Rationality Disuse model of human behavior

introduced in Chapter 4 as the human behavior model in the framework. We detail the

modifications below.

5.2.1 Trust-Aware Markov Decision Process

5.2.1.1 States

The trust of the human on the intelligent agent t, the remaining health points H, and the

remaining time points C.

5.2.1.2 Reward function

Since the objective is to minimize mission time and minimize damage to the soldier, the

reward function is modeled as a negative convex combination of the cost for losing health

and the cost for losing time. Specifically,

R(H,C, a,D) = −w(H,C)H(a,D)− (1− w(H,C))C(a). (5.1)

Here, w(H,C) is the reward weight for losing health, H(a,D) is the cost for losing health,

C(a) is the cost for losing time, a is the action selected by the human, and D is a binary

random variable indicating the presence of threat.

H(a,D) = hD(1− a), (5.2)

C(a) = ca, (5.3)
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where h is the cost for losing health and c is the cost for losing time. For our study, we set

h = c = 10.

5.2.1.3 Observation function

We use the same observation function from Chapter 3, with the new reward function.

pi =

1 if Ri(H,C, ari , D) ≥ Ri(H,C, 1− ari , D),

0 otherwise.
(5.4)

5.2.1.4 Transition function

We use the beta distribution trust model [38] with the reward-based performance metric [7]

as the transition function for trust. Specifically, trust at the ith interaction, ti is modeled as

a beta distributed random variable with parameters αi and βi, which are updated based on

positive and negative experiences with the recommendations.

ti ∼ Beta(αi, βi) where (5.5)

αi = αi−1 + piv
s, (5.6)

βi = βi−1 + (1− pi)v
f . (5.7)

We note that (α0, β0, v
s, vf ) are the personalized trust parameters associated with every

individual that interacts with the intelligent agent, pi is the reward-based binary performance

of the recommendation at the ith search site, which is given by the observation function (Eq.

5.4).

We update the health and time according to the rules mentioned above. The soldier loses

health when encountering a threat without protection from the RARV. The soldier loses

time for using the RARV.

Hi+1 =

Hi − h, if ahi = 0 and Di = 1,

Hi, otherwise.
(5.8)

Ci+1 =

Ci − c, if ahi = 0,

Ci, otherwise.
(5.9)

Here, i is the site index, Hi and Ci are the health and time points remaining before the ith

interaction, ahi is the action chosen by the human at the ith site, and Di is a binary variable
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indicating the presence of threat at the ith site.

5.3 Study 1 - Learning the Reward Function

This section describes the first phase of our overall study - data collection for learning the

state dependence of reward weights. We used MTurk for collecting data. Our main insight

was that assuming the bounded-rationality model of human behavior and the absence of

recommendations, we can find the tipping point of the threat level at which a majority of

the population will change their choice of action from risk-taking to risk-averse. This threat

level (d∗) corresponds to the threat level at which the one-step expected reward for the

human for both the actions is the same. Mathematically,

ED [R(H,C, 0, D)] = ED [R(H,C, 1, D)]

=⇒ w(H,C)hE[D] = (1− w(H,C))c

=⇒ d∗ =
(1− w(H,C))c

w(H,C)h
. (5.10)

So, the idea is to collect action-choice data for a set of states of (H,C) for a series of

threat levels. We can then train a logistic regression model to find d∗ and thus w(H,C) from

Eq. 5.1. Fig. 5.1 shows an example of such a query.

Figure 5.1: A sample query asked to an MTurk worker. The worker was shown this infor-
mation and asked whether s/he would choose to use the RARV or not.

5.3.1 Data Collection

We defined 6 health states, 6 time states, and 11 threat levels, resulting in a total of 396

distinct queries for MTurk workers. These queries were randomly assigned into 12 separate
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surveys, each containing 33 queries, to ensure the surveys could be completed within a

reasonable time. At the start of the survey process, participants were asked to provide

informed consent. They then watched an instructional video explaining the task, the two

available actions, and their respective consequences. After viewing the video, participants

had to correctly identify the full form of RARV. Those who answered incorrectly were not

permitted to continue. Participants who answered correctly proceeded to the main part

of the survey, which included three embedded attention check questions to maintain data

quality.

The study was approved by the Institutional Review Board at the University of Michigan

(ID HUM00249731). The workers completed the surveys using Qualtrics. Each of the 12

surveys was completed by at least 10 MTurk workers. In total, we obtained 4092 query

responses from 124 workers.

5.3.2 Data Cleaning

We noticed that the data collected from MTurk workers contained many sub-optimal action

choices, likely due to participants either misunderstanding the task or not paying sufficient

attention, even though all workers passed the basic attention check questions. To improve

data quality, we opted to exclude data from workers who made specific ”obviously” sub-

optimal choices. These involved two scenarios: (1) Using the RARV when the threat level

was 0%, and (2) Not using the RARV when the threat level was 100%, when health was 10,

and time was above 10. In the first scenario, choosing not to use the RARV is optimal, as

it ensures no loss of health or time, while using the RARV results in unnecessary time loss.

In the second scenario, failure to use the RARV is sub-optimal, as the soldier’s health would

drop to 0, prematurely ending the mission.

We removed the data from the corresponding MTurk workers, resulting in the removal

of data from 83 ∪ 10 = 85 workers. Thus, our final dataset consisted of responses from 39

workers, corresponding to 1287 query responses.

5.3.3 Data Analysis

A logistic regression was trained using threat level as the predictor and the action choice as

the target for each state (h, c) in the query set of the cleaned data. A sample logistic curve

is shown in Fig. 5.2. The point at which the logistic curve reaches a value of 0.5 corresponds

to d∗ from Eq. 5.10. Thus, we get the raw reward weights for losing health w(H,C) as a

function of health remaining and time remaining at each of the queried states. This is shown

as a heatmap in Fig. 5.3a.
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Figure 5.2: Sample logistic curve learned from the collected data

In order to get a smooth function for the health reward weight, we used the forward

selection method of model selection using the Akaike Information Criterion (AIC). To do

this, we incrementally added features from the set {H,C,H2, C2, HC} to logistic regression

models, computed the AIC, and stopped when the AIC increased. This gave us a logistic

regression model with {H,C} as the features. The final resulting model is given by,

w(H,C) =
1

1 + exp(0.26H − 0.17C − 0.79)
. (5.11)

A heatmap generated using this model is shown in Fig. 5.3b. Here, the reward weight

increases with increasing value of time remaining and decreasing value of health remaining.

5.4 Study 2 - Simulation Study

We simulate interactions with two robot strategies: one using a constant reward weight of

0.81 and the other using the state-dependent reward weights 5.11. The value of 0.81 was

chosen from an earlier study [8] that found that using this reward weight would result in

similar trust to the case when the robot is actively learning reward weights. In this study

we want to see if that is the case when we explore more of the state space.

5.4.1 Simulating the Human

Our simulated human sampled trust parameters taken from a dataset collected in an ear-

lier study [7]. The simulated human thus maintained and updated her trust using the

trust dynamics model (Eq. 5.5). After receiving a recommendation from the robot, the
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(b) Smoothed model

Figure 5.3: Heatmaps showing (a) raw data of learned health reward weights at each queried
state and (b) the smoothed function for the state dependence of reward weights

simulated human chooses an action using the Bounded Rationality Disuse Model. We use

κ = 0.2 throughout the simulation. The simulated human is assumed to be using the state-

dependent reward function (Eq. 5.11). After observing the outcome of the action selection,

the simulated human updates her trust parameters and reports the level of trust by sampling

from the corresponding beta distribution.

The robot learns the trust parameters of each human using Maximum Likelihood Esti-

mation (MLE) [8].

5.4.2 Setting Threats and Threat Levels

We used the following strategy for setting the threats and threat levels. In general, the

prior probability of threat presence was set to 0.7 meaning that there would be threats in

7/10 search sites on average. This was to ensure that aligning the values of the robot with

the human will be beneficial for trust, which is only important under high-risk scenarios

[9]. Then, with 50% chance at any site independently, the threat was set randomly using a

Bernoulli sample with this prior probability. To set the threat level after scanning the site

by the drone, we sampled a beta distribution with a peak at 0.9 in case a threat is present

and with a peak at 0.1 if a threat is not present.

With the remaining 50% chance, the threat and threat level were chosen intelligently to

induce a difference in recommendations from the two robot strategies. As can be seen from

Fig. 5.2, the value d∗ is like a threshold threat level below which the action 0 is more likely and

above which the action 1 is more likely. A similar behavior is also seen for recommendations
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[9]. We compute d∗ for the constant reward weight and the state-dependent reward weight

and set the threat level to be uniformly sampled between the two values. The threat is then

sampled with a Bernoulli distribution with this threat level as the parameter. In this way,

we make it more likely for the two recommendations to differ.

5.4.3 Results - Simulation Study

We ran 100 independent simulations for 9 starting conditions of health and time selected

from the set {100, 70, 40}. The results presented below are an average of all simulation runs.

For each simulation run, the human-robot team sequentially searched through 10 search

sites. In all line plots in this section, the 95% confidence interval is also plotted.

5.4.3.1 States Visited

Fig. 5.4 illustrates the frequency of visits to each state during the simulation runs. Brighter

colors represent states visited more frequently, while darker colors represent those visited less

often. As shown, the robot strategy with constant reward weights produces more horizontally

oriented patterns of brighter colors (Fig. 5.4b). This pattern suggests that health remains

relatively stable throughout the interaction, reflecting a more conservative approach by the

team.

In contrast, the robot strategy with state-dependent rewards leads to a broader explo-

ration of the state space, with a greater number of states shown in brighter colors 5.4a).

This pattern indicates that the team is more willing to take risks, potentially sacrificing

some health to save time.

(a) State dependent rewards (b) Constant rewards

Figure 5.4: Counts of states visited for the two robot strategies
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5.4.3.2 Trust Dynamics

Fig. 5.5 compares the trust reported by the simulated human for the two interaction strate-

gies. It is clear that the state-dependent strategy of the robot results in higher trust.

Figure 5.5: Comparison of trust reported by the simulated human for the two robot strate-
gies. Here, trust ranges from 0 to 1.

5.4.3.3 Performance

Fig. 5.6 compares the performance of the team for the two robot strategies. Performance is

measured as the sum of the health points and the time points at each stage of the mission.

As is evident from the graph, the state-dependent strategy performs better than the constant

strategy for the robot.

Fig 5.7 splits out the performance into its components. As can be seen, the constant

strategy prefers to save health, only losing about 10 points on average throughout the mission,

while losing a lot of time. The state-dependent strategy, however, loses around 20 points of

health to save time.

It should be noted that the results will remain the same as long as the human’s reward

weights for losing health satisfies w > 0.5, which is the case for the state-dependent reward

function and the constant reward function. This is because the performance metric will be

the same as long as this condition is satisfied. Therefore, even if the simulated human was

using the constant reward function, the results still hold.
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Figure 5.6: Comparison of the performance of the team, as measured by the sum of the
health points and the time points

5.5 Study 3 - Studying the Effect of State Dependence

of Reward Weights

This section describes the second study where we try to test the effectiveness of a robot using

the state dependent reward function compared to one that uses a constant reward function.

In our previous work [8], we found that the constant reward function performed almost as

well as a personalized reward function. However, we note that the constant strategy could

be too conservative, especially in situations where a higher risk appetite is necessary. For

example, in the context of our reconnaissance mission, if very few time points are remaining,

the participants must take more risks in order to save time and finish the mission. In such

situations, the constant strategy will still suggest conservative actions, disregarding the low

time points remaining. However, a robot using our state dependent reward function will

suggest riskier actions, helping the participants complete the mission and garnering more

trust.

5.5.1 Testbed and Scenario

We modify the testbed used in Chapter 4 to incorporate the state dependent reward function.

Each mission entails sequentially searching 10 sites for potential threats. The soldier starts

with either 100 or 40 points of health, operationalized as high or low armor and either 100
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Figure 5.7: Comparison of the health and time points across the interaction for the two
robot strategies

or 40 points of time, operationalized as time available to complete the mission. The mission

is considered to have ended prematurely if the soldier reaches 0 health or 0 time points at

any point during the mission. We ended up reducing the number of search sites from 40 in

Chapter 4 to 10 here to balance the added computational cost for value iteration because of

the added state dependence on time and health.

Before making their action choice, a drone enters the search site and relays information

about the chance of threat present inside the site to the human-robot team. Then, the

testbed asks the participant what their initial decision is regarding the choice of action. To

reiterate, there are two actions available to the human - USE or NOT USE the RARV. Using

the RARV results in 10 point loss of time. Encountering a threat without protection from

the RARV results in 10 point loss of health. Table 5.1 shows this in a tabular format.

Table 5.1: Health and Time Loss

Used RARV? Threat Present? Health Loss Time Loss
YES YES 0 10
YES NO 0 10
NO YES 10 0
NO NO 0 0

After making their initial decision, the participants are shown the recommendation from
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the intelligent agent. They are then asked for their final decision about which action they

want to implement. These interfaces are shown in Fig. 5.8. The participants are then shown

the consequences of their action choice (shown in Fig. 5.9) and the appropriate loss of health

or time is applied.

(a) Initial Action Choice (b) Final Action Choice

Figure 5.8: Interfaces to let the participants choose their (a) Initial Action Choice before
receiving a recommendation from the intelligent agent and (b) Final Action Choice after
receiving the recommendation.

Figure 5.9: Four possible outcomes seen by the participants depending on their choice of
action and whether a threat was present inside the search site.

The participants are given the objective to complete the mission while maximizing the

amount of health points and the amount of time points remaining at the end of the mission.

They are also told that the mission will end prematurely if either the soldier’s health or the
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time remaining drops to 0 at any point during the mission, and that their performance bonus

will be affected negatively if this happens. This encourages the participants to perform as

well as they can.

The testbed also captures the participant’s trust and perceived performance of the rec-

ommendation after each search site. The interfaces are shown in Fig. 5.10. It is emphasized

that they should consider their entire interaction history with the intelligent agent when rat-

ing their trust and should only consider the current interaction for rating their performance

feedback.

(a) Trust feedback slider (b) Performance feedback scale

Figure 5.10: Interfaces to let the participants rate their trust and performance feedback
on the intelligent agent’s recommendations. The trust feedback slider converts to a value
between 0 to 100 with a stepsize of 2.

5.5.2 Robot Interaction Strategies

We design two interaction strategies for the intelligent agent - a strategy using the state

dependent reward weights (Eq. 5.11) and the other using a constant reward weight of

w = 0.8062, which is based on our earlier work [8]. The participants were told that they will

interact with two different robots - one called Orion and the other called Titan. Behind the

scenes, these corresponded to the constant and the state dependent strategies, respectively.

5.5.3 Active Threat Selection

In order to emphasize the different risk appetites of the two robot strategies, we adopt the

following strategy for setting the threats and threat levels: 50% of the time the threats are

set randomly with a probability of 0.6. With the remaining 50% chance, the threat levels

are set actively to induce a difference between the two interaction strategies. This is done by

72



leveraging the differing d∗ values (Eq. 5.10) for the two strategies. Essentially, we compute

d∗ for both strategies and randomly generate a value between them as the threat level. This

will, in general, lead to a riskier recommendation by the state dependent strategy and a more

conservative recommendation by the constant strategy. The threat is then sampled from a

Bernoulli distribution based on this threat level.

5.5.4 Experiment Design

We designed a 2 (robot strategy) x 2 (vulnerability) mixed design for the human-subjects

study. The robot strategy was a within subjects factor while the vulnerability was a between

subjects factor. Each participant completed 2 missions, one with each robot strategy. Each

mission entailed searching sequentially through 10 search sites. The order for the manipu-

lations was counterbalanced to avoid any learning effects. The details of the manipulations

are presented below. The study was approved by the University of Michigan Institutional

Review Board under ID HUM00262685.

5.5.4.1 Robot Strategy

The two interaction strategies are presented in Sec. 5.5.2. These were operationalized

for the participants as two different intelligent agents called Orion (constant) and Titan

(state dependent). The participants were not told any technical details about the differences

between the intelligent agents.

5.5.4.2 Vulnerability

We had two levels of vulnerability. In the low vulnerability condition, the participants started

from a health value of 100 and a time left value of 100. In the high vulnerability condition,

the participants started with a health value of 40 and a time left value of 40. These were

operationalized as high or low armor and high or low mission time. The participants were

notified that the amount of armor only affects the total damage the soldier can take. Each

time the soldier takes damage, the health loss is 10 points, irrespective of armor level.

5.5.5 Data Collection

We recruited 40 students (Age: 22.18 ± 3.05, 21 Female) from the University of Michigan.

The participants came in, signed an informed consent form, and went through a detailed

instructional video that briefed them about the experimental procedure. After that, they

completed a pre-experimental questionnaire consisting of statistically significant items from
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Chung et al. [21]. Then, they completed two missions, one with each intelligent agent.

After each mission, they also completed a post-mission questionnaire about their trust in

the intelligent agent, reliance intentions, and workload. Finally, the participants were com-

pensated for their time and given a performance bonus. The base compensation was $15
with a performance bonus of up to $10 based on the amount of health and time lost during

the mission. This was done to encourage the participants to lose as little health and time as

possible.

We removed the data from any participants who ended the mission prematurely (reached

either 0 health or time points at any point during the mission), leaving us with a dataset from

33 participants. Of these, 19 belonged to the low vulnerability condition, and 14 belonged

to the high vulnerability condition.

5.5.6 Measures

We divide our measures into trust-related and performance-related measures as detailed

below.

5.5.6.1 Trust-related

• Average Trust Feedback during interaction: Measured as the average of the

trust feedback given by the participants after each search site in the testbed.

• End of Mission Trust Feedback: Measured as the trust feedback given by the

participants after searching the last search site in the mission.

• Post Mission Trust: Measured using Muir’s trust questionnaire Muir et al. [75],

adapted to the context of autonomous systems. This 8-item slider type survey was

administered after each mission the participant completed.

• Reliance Intentions: Measured using the questionnaire in Lyones et al. [63]. This

6-item, 7-point Likert type survey was administered after each mission the participant

completed.

• Average Initial Agreement: Measured using the average number of times the par-

ticipants’ initial decision (before observing the recommendation) matched with the

recommendation given by the intelligent agent. This serves as an indicator of how well

the recommendation strategy aligns with what the participant would have done in that

context without the recommendations.
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• Average Final Agreement: Measured using the average number of times the par-

ticipant selected the recommended action as their final choice of action. This serves as

an indicator of behavioral trust.

5.5.6.2 Performance-related

• Average Performance Rating: Measured as the average of the performance feed-

back given by the participants to the intelligent agent’s recommendations during the

mission. This serves as an indicator of how well the participants thought the intelligent

agent’s recommendations were.

• Percent Points Lost: Measured as the percentage of total points lost (health +

time) with respect to the starting amount of points. A lower amount of points lost

indicates better performance.

5.5.7 Results

This section presents major results from out statistical analyses. Mixed-methods ANOVA

was performed to test for statistically significant differences between the interaction strategies

and their interactions with the level of vulnerability.

5.5.7.1 Average Trust During Interaction

We find a significant main effect of robot strategy (F (1, 31) = 6.270, p = 0.018) (see Fig.

5.11a). The state dependent strategy results in significantly higher trust reported during the

interaction.

5.5.7.2 End-of-mission Trust

We find a significant main effect of robot strategy (F (1, 31) = 5.103, p = 0.032) (see Fig.

5.11b). The state dependent strategy leads to a higher level of trust towards the end of the

mission, showing that it is able to gain the trust of the participants.

5.5.7.3 Post-mission Trust Survey

We find a significant main effect of robot strategy (F (1, 31) = 5.572, p = 0.025) (see Fig.

5.12a). The participants report a higher level of trust in the state dependent strategy com-

pared to the constant strategy, showing the alignment with the trust feedback collected in

the testbed.
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*

(a) Average Trust

*

(b) Trust After Last Site

Figure 5.11: Trust measures captured in the testbed: (a) Trust feedback given by the partic-
ipants averaged over the 10 search sites, (b) Trust feedback given by the participants after
searching the last search site.

We also see a significant interaction effect of robot strategy and vulnerability on the

reported post-mission trust (F (1, 31) = 13.210, p < 0.001) (see Fig. 5.12b). This shows

that the gain in trust of the state dependent strategy over the constant strategy is more

pronounced in the high vulnerability condition.

5.5.7.4 Post mission Reliance Intentions

We find a significant main effect of robot strategy on the participants’ reported future reliance

intentions [63] on the intelligent agent (F (1, 31) = 9.813, p = 0.004) (see Fig. 5.13a). The

participants would rely on the state dependent strategy more than on the constant strategy

in potential future interactions.

We also find a significant interaction effect of robot strategy and vulnerability on future

reliance intentions (F (1, 31) = 10.358, p = 0.003) (see Fig. 5.13b). We see that the partic-

ipants report to rely on the state dependent strategy a lot more compared to the constant

strategy in the high vulnerability condition.

5.5.7.5 Average Initial Agreement

We find a significant main effect of robot strategy (F (1, 31) = 25.530, p < 0.001) on the

average agreement between the initial action choice made by the participant and the recom-
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(a) Main Effect

**

(b) Interaction Effect

Figure 5.12: Trust measured using a subjective trust questionnaire [75] after completing
a mission. (a) main effect of robot strategy, (b) interaction effect of robot strategy and
vulnerability.

mendation given by the intelligent agent (see Fig. 5.14a). We see that the state dependent

strategy results in a lot more agreements than the constant strategy, showing that the reward

weights are aligned with the participant’s preferences.

We also see a significant interaction effect of robot strategy and vulnerability on the

initial agreements (F (1, 31) = 7.144, p = 0.012). We see that the difference in initial

agreements between the constant and the state dependent strategies is much higher in the

high vulnerability condition (see Fig. 5.14b).

5.5.7.6 Average Final Agreement

We find a significant main effect of robot strategy (F (1, 31) = 32.278, p < 0.001) on the av-

erage agreement between the final action choice of the participants and the recommendation

given by the intelligent agent (see Fig. 5.15a). Again, the state dependent strategy results

in more agreement with what the participants finally decide to do, indicating a higher level

of behavioral trust in this strategy compared to the constant strategy.

We also find a significant interaction effect of robot strategy and vulnerability on the

average final agreements (F (1, 31) = 7.780, p = 0.009). We see that the difference in

agreements between the strategies is highest in the high vulnerability condition (see Fig.

5.15b).

The results above indicate support for hypothesis H1 and H3, where we see a higher level
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(a) Main Effect

**

(b) Interaction Effect

Figure 5.13: Reliance intentions measured using a 6-item 7-point Likert scale mentioned in
Lyons et al. [63]. (a) main effect of robot strategy, (b) interaction effect of robot strategy
and vulnerability.

of trust reported and observed for the state-dependent strategy than the constant strategy.

The interaction effects between the robot strategy and vulnerability show that vulnerability

indeed moderates the effect of robot strategy on trust, where the effect of using the state-

dependent strategy is higher under the conditions of high vulnerability.

5.5.7.7 Objective Performance - Percent Points Lost

We find a significant main effect of robot strategy on the percent points lost (F (1, 31) =

6.666, p = 0.015). The percentage is computed with respect to the total points the soldier

had at the beginning of the mission. A lower value indicates better performance. We see

that the state dependent strategy leads to a lower loss in points (see Fig. 5.16a), indicating

that the team performs better when paired with the state dependent strategy.

There is also a significant interaction effect of robot strategy and vulnerability (F (1, 31) =

7.993, p = 0.008). We see that under the high vulnerability condition, participants lose a

significantly less amount of points when paired with the state dependent strategy (see Fig.

5.16b).

5.5.7.8 Subjective Performance - Average Performance Rating

We find a significant main effect of robot strategy (F (1, 31) = 4.985, p = 0.033) on the

performance rating given to the robot’s recommendations by the participants during the
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(a) Main Effect

**

(b) Interaction Effect

Figure 5.14: Agreement between the participants’ initial choice of action with the robot’s
recommendation, averaged over the interaction period. (a) main effect of robot strategy, (b)
interaction effect of robot strategy and vulnerability.

interaction, averaged over the mission. As can be seen in Fig. 5.17a, the participants rate

the state dependent strategy’s recommendations as better performing than the constant

strategy’s recommendations.

There is also a significant interaction effect of robot strategy and vulnerability (F (1, 31) =

6.084, p = 0.019) on the average performance rating of recommendations. As seen in Fig.

5.17b, the difference in performance is more apparent in the high vulnerability condition,

with the state dependent strategy being rated higher in performance.

The results above indicate support for hypothesis H2 and H3, where we see a higher

objective team performance when interacting with the state-dependent strategy than when

interacting with the constant strategy. The interaction effects between the robot strategy

and vulnerability show that vulnerability indeed moderates the effect of robot strategy on

performance, where the effect of using the state-dependent strategy is higher under the

conditions of high vulnerability.

5.6 Conclusion

In this paper, we studied the effect of learning and using a state-dependent reward function

in the context of reconnaissance missions where a robot acts as an action recommender to

the human. Towards this, we conducted two studies - one through Amazon Mechanical Turk
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(a) Main Effect

**

(b) Interaction Effect

Figure 5.15: Agreement between the participants’ final choice of action with the robot’s
recommendation, averaged over the interaction period. (a) main effect of robot strategy, (b)
interaction effect of robot strategy and vulnerability.

to collect data and learn the state dependent reward function and another in-person study

which tries to see the effects of a robot using this state dependent reward function during

interaction on trust and team performance. This study extends our previous work [9] by

considering the context of the current state in the reward function within the trust-aware

Markov Decision Process.

Our results indicate that the robot using the state dependent strategy results in higher

trust, both subjective and behavioral, and better team performance, both objective and

subjective, compared to the robot using a constant strategy. This is in line with prior

literature like Chiou et al. [19] where the authors conclude that automation responsivity

could be more relevant than reliability and reliance of automated systems. In our scenario,

we incorporate responsivity through the state dependent reward function of the robot -

the risk appetite of the state dependent strategy changes based on the current state of the

human-robot team. Further, we see that these trust and performance benefits are more

pronounced in the situation where the vulnerability is higher, which is in line with out own

prior work [9] where we found that aligning the robot’s reward function with that of the

human is more important when risks are higher.

We conclude this chapter by discussing some limitations in this work and possible direc-

tions of future research that could try and address these limitations.
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*

(a) Main Effect

**

(b) Interaction Effect

Figure 5.16: Percent total points lost over the interaction period, taken with respect to the
total points the soldier starts with (a) main effect of robot strategy, (b) interaction effect of
robot strategy and vulnerability.

5.6.1 Limitations and Future Work

We have focused on a dyadic human-robot interaction where one human interacts with one

robot. In real life, however, teams are usually larger and consist of multiple humans and

robots. Future work should try and address this limitation by incorporating multi-agent

trust models (e.g. [39]) into a decision-making framework. Some very recent work has

started to tackle this problem [22, 44] but a lot more work needs to be done toward solving

this problem.

We learned a reward function and demonstrated its effectiveness in a context where the

conflicting objectives were about losing health and losing mission time. Most people tend

to bias themselves toward saving the soldier’s health, thus resulting in the reward weight

for losing health being greater than 0.5 at all states (Fig. 5.11). Given that, we cannot

claim that our results will directly translate to another context where there may be a larger

variance in the preferences of humans about the objective. We encourage researchers to

study this problem in different contexts

81



*

(a) Main Effect

**

(b) Interaction Effect

Figure 5.17: Subjective performance rating of the intelligent agent captured in the testbed,
averaged over the interaction period (a) main effect of robot strategy, (b) interaction effect
of robot strategy and vulnerability.
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CHAPTER 6

Conclusion, Limitations, and Future Research

Directions

6.1 Conclusion

With the rapid progression of artificial intelligence technologies, it has become increasingly

important to ensure that human reliance on these systems does not inadvertently exceed

appropriate boundaries. The concept of trust has been widely recognized as a critical de-

terminant in guiding humans’ willingness to depend on automated and intelligent agents.

In light of this, there is a growing consensus in the literature that intelligent agents should

possess mechanisms that enable them to be aware of and respond to the fluctuating trust

levels of their human collaborators. Specifically, autonomous agents should be capable of dy-

namically adapting their behavior to foster appropriate trust, thereby safeguarding against

both over-reliance and under-reliance.

Equally significant is the need to align the values underpinning intelligent agents with

those held by their human counterparts. Value alignment, particularly through reward align-

ment, has garnered considerable attention within the research community in recent years,

which has led to plenty of algorithmic advances to ensure alignment. However, several im-

portant gaps still remain in our empirical understanding of its broader implications. Most

prominently, the effect of value alignment on key outcomes such as human trust on the

system and team performance has yet to be systematically and empirically evaluated.

This dissertation addresses these critical gaps by investigating the interplay between trust,

value alignment, and performance in human–autonomy collaborative settings. Through a

series of rigorous empirical studies, we seek to elucidate the extent to which reward alignment

mechanisms influence trust calibration between humans and intelligent agents, as well as the

subsequent impact on collaborative team outcomes. Our findings aim to contribute to a more

nuanced understanding of value-driven agent behaviors, ultimately informing the design of

autonomous systems that promote trust-driven interactions with themselves.
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• Chapter 3 proposes the trust-aware POMDP framework which incorporates mathe-

matical trust models and human behavior models for enabling trust-aware decision-

making by intelligent agents. By leveraging these models, the framework seeks to

provide agents with the capability to dynamically adjust their decision-making strate-

gies in accordance with observed fluctuations in human trust levels. We empirically

demonstrate the effectiveness of this framework through a human-subjects experiment

conducted in a custom-designed 3D testbed using Unreal Engine. By performing a

clustering analysis on the collected data, we find three distinct types of trust dynamics

observed among people. Further, we are able to associate personal characteristics to

type of trust dynamics exhibited by an individual, making it possible for future re-

searchers to design more personalized trust dynamics models, considering the person’s

individual characteristics.

• Chapter 4 augments the trust-aware framework by introducing a personalized reward

learning paradigm during agent–human interaction. We propose the Bounded Ratio-

nality Disuse model, a novel human trust-behavior model that allows the robot to

gain insight into the underlying preferences of the human during interaction. Using

Bayesian IRL, we are able to learn these preferences during interaction. Our empirical

results indicate that a robot which incorporates these learned preferences can engender

higher levels of human trust and enhance overall team performance, when starting with

an uninformed prior on human preferences. Conversely, our findings suggest that if

the robot already possesses a well-informed prior about human preferences, the incre-

mental benefit of real-time personalized learning may be diminished, highlighting the

importance of prior knowledge in the personalization process.

• Chapter 5 delves deeper into the effects of the reward function on trust and team

performance. This chapter presents a framework for learning context-dependent re-

ward functions from human behavioral data, allowing intelligent agents to tailor their

strategies to dynamically evolving human preferences. We demonstrate this framework

through a study done on Amazon Mechanical Turk, allowing us to learn a context-

dependent prior on the reward function of humans. Through this learned reward

function, we develop a robot strategy that adapts to the changing preferences of the

human depending on the context. We compare this strategy with a strategy using a

constant reward function, which proved to work well in Chapter 4, in cases of low and

high vulnerability. We find that our context dependent strategy garners higher trust

from the human and results in better team performance, especially in the high vulner-

ability condition. This underscores the significance of adaptive reward mechanisms in
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optimizing human–autonomy collaboration.

This dissertation makes significant advances in the development of trust-aware robotics,

focusing on the design of intelligent agents that are capable of estimating trust levels, mod-

eling and predicting human behavior as influenced by trust, and dynamically adapting their

own actions to foster trust and enhance team performance. By endowing robotic agents

with the ability to interpret and respond to the nuanced interplay between trust and human

behavior, this research highlights the critical role of adaptability in achieving smooth and

effective collaboration between humans and intelligent systems. Such trust-aware adapt-

ability is essential in the evolution of intelligent agents, ensuring that future human–robot

partnerships are characterized by increased mutual understanding, reliability, and overall

effectiveness in a diverse range of task environments.

6.2 Limitations and Future Research Directions

While our research has yielded valuable insights, it is important to acknowledge several

limitations inherent in the current stage of our work. These limitations not only delineate

the boundaries of our present contributions but also illuminate promising avenues for future

investigation within this domain. Below, we elaborate on these areas for further exploration.

6.2.1 Further Personalizing Trust Dynamics Models

Chapter 3 identified three distinct types of trust dynamics in human–autonomy teaming:

Bayesian Decision Makers, Disbelievers, and Oscillators. It also established preliminary

associations between these trust dynamics and certain individual characteristics, such as

personality traits.

While these findings are significant, they represent an exploratory effort aimed at deter-

mining whether such distinct categories of trust dynamics exist. Consequently, the analysis

was limited by the relatively small set of personal characteristics included in the question-

naires. Additional studies are therefore needed to validate these results across a wider range

of human–autonomy teaming contexts and with more diverse participant profiles. Chung

and Yang [21] have taken initial steps in this direction, identifying further associations be-

tween individual characteristics and trust dynamics in a sequential threat detection task.

Building on this work, future research should seek to develop varied experimental scenarios

and confirm the robustness of these distinct trust dynamics across contexts.

Another limitation of the current framework lies in the trust dynamics model itself, which

effectively estimates trust levels for Bayesian Decision Makers and Disbelievers but performs
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inadequately for Oscillators. This limitation underscores the need for more personalized

modeling approaches that can capture the unique characteristics of oscillatory trust patterns.

One promising avenue is the incorporation of “discounting” mechanisms that reduce the

influence of outdated performance data from the autonomous agent, allowing more recent

interactions to play a larger role in trust estimation. Preliminary work within our research

group exploring this approach has yielded encouraging results.

Finally, while the existing model performs well for Disbelievers, it remains ineffective in

increasing their trust in the autonomous agent. Future studies should therefore investigate

interaction strategies such as the use of explanations, affective cues, or adaptive communi-

cation mechanisms to more effectively calibrate Disbelievers’ trust to an appropriate level.

6.2.2 Tackling Diverse Human-Robot Collaborative Tasks

The research presented in this dissertation primarily focused on an ISR mission scenario,

characterized by two competing objectives: minimizing damage to the soldier and minimizing

overall mission duration. As expected, the findings indicate that most participants exhibit

a strong bias toward ensuring the soldier’s safety, often preferring to incur time losses even

in relatively low-risk situations.

In Chapter 4, we observed that when the robot possessed an accurate prior estimate of

the reward weights, additional personalization did not yield improvements in trust or overall

team performance. This outcome likely stems from the static prior already being well-aligned

with the majority of participants’ preferences, such that further personalization only intro-

duced unnecessary variability and unpredictability into the robot’s behavior. However, these

findings cannot be directly generalized to scenarios in which individual preferences vary more

substantially. Future research should therefore investigate the effects of personalization in

a broader range of human–robot collaboration contexts, where preference diversity is more

pronounced. Different personalization strategies may prove more effective in such environ-

ments. Moreover, the present study is limited to a “robot–recommender–human–decision-

maker” interaction paradigm. Many other forms of human–robot collaborative tasks remain

unexplored from a trust-aware perspective. Continued research in diverse task domains is

essential to develop a more comprehensive understanding of trust dynamics and personal-

ization in human–robot teaming.

6.2.3 Tackling Multi-Action Scenarios

The ISR mission scenario considered in this work involved only two possible actions at each

decision point: USE or NOT USE the RARV. This binary decision structure enabled the
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application of the reverse psychology model of human behavior described in Chapter 3, as

well as the formulation of the reward-based performance metric employed throughout this

dissertation.

While the Bounded Rationality Disuse model introduced in Chapter 4 can be readily gen-

eralized to scenarios involving multiple actions, extending the trust dynamics model presents

greater challenges, mainly due to the difficulty of defining an appropriate performance metric.

In the binary action case, performance is easily assessed: the outcome is considered successful

if the reward associated with the recommended action exceeds that of the alternative. How-

ever, in multi-action scenarios, human decision-making becomes more complex. Individuals

may exhibit a satisficing behavior [92], evaluating performance as successful if the chosen

action yields a reward deemed sufficiently satisfactory rather than optimal. Alternatively,

humans may perceive performance on a continuum, assigning graded performance values

across different actions, or they may rely on entirely different evaluative criteria. Extending

the current framework to accommodate multi-action decision-making would therefore rep-

resent a valuable direction for future research, offering deeper insights into the nuances of

trust, bounded rationality, and performance evaluation in more complex human–autonomy

teaming contexts.

6.2.4 Shifting to the Multi-Robot Multi-Human Paradigm

The research presented in this dissertation primarily focused on a dyadic human–robot in-

teraction paradigm, involving a single human collaborating with a single intelligent agent.

While this configuration already presents substantial challenges in terms of trust and behav-

ior modeling, value alignment, and adaptive interaction design, extending the framework to

multi-human and multi-robot settings introduces an additional layer of complexity. In such

environments, multiple bidirectional and cross-agent trust relationships emerge, creating a

rich but difficult-to-model network of interdependencies.

This raises several fundamental research questions: How can trust dynamics be effectively

modeled between each human and each robot, especially when trust may propagate indirectly

through observation or communication? How should tasks and robots be optimally assigned

to individual humans to maintain balanced workload distribution, foster appropriate trust

calibration, and prevent over- or under-reliance? Furthermore, in single-robot multi-human

contexts, how should the robot navigate potential value misalignments among its human

collaborators, particularly when individual preferences or risk appetites conflict?

Recent work has begun to explore trust modeling in multi-human, multi-robot systems

by incorporating both direct interaction experiences and indirect observations of others’
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interactions [37, 44]. These efforts represent important early steps toward understanding

collective trust dynamics and distributed decision-making in complex human–robot teams.

Nonetheless, this area of research remains in its formative stages. Substantial further

work is needed to develop scalable computational models of trust that account for social

influences, role differentiation, and task interdependence among multiple agents. Advancing

this line of inquiry will be critical for enabling effective collaboration in future large-scale,

heterogeneous human–robot teams operating in dynamic, real-world environments.
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APPENDIX A

Questionnaires Used in Human-Subject

Experiments

A.1 Subjective Trust Questionnaire

Survey modified from [75] to fit the context of “intelligent agents in ISR missions”. All

answers were given on a slider scale from 0 to 100 with anchors “None at all (0)”, “Neutral

(50)”, and “Extremely high (100)”.

Prompt: There are 8 statements below. Please move the sliders to the point that best

describes your feeling or your impression on the intelligent agent that recommends if you

should use the armored robot or not.

• To what extent does the agent perform its function properly?

• To what extent can the agent’s behavior be predicted from moment to moment?

• To what extent can you count on the agent to do its job?

• To what extent does the agent perform the task it was designed to do in the system?

• To what extent does the agent respond similarly to similar circumstances at different

points in time?

• Your degree of faith that the agent will be able to cope with other ISR missions in the

future.

• Your degree of trust in the agent to respond accurately.

• Your overall degree of trust in the agent
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A.2 Reliance Intentions Scale

Survey modified from [65] to fit the context of “intelligent agents in ISR missions”. All

answers were given on a 7-point Likert type scale with anchors “strongly disagree (1)” to

“strongly agree (7)”.

Prompt: In the following 6 items, consider your attitudes toward the intelligent agent

responsible for the recommendations you received. Use the scale provided to select the best

response to the item. (Scale: strongly disagree = 1, to strongly agree = 7)

• I would rely on the agent without hesitation.

• I think using the agent will lead to positive outcomes.

• I would feel comfortable relying on the agent in the future.

• If I had my way, I would NOT let the agent have any influence over issues that are

important to the task (search and rescue). (reverse coded)

• I really wish I had a good way to monitor the decisions of the agent. (reverse coded)

• I would be comfortable allowing the agent to implement its search decision, even if I

could not monitor it.

A.3 NASA Task Load Index (TLX)

Obtained from [43] to measure the workload of the human. We removed the physical work-

load component from the questionnaire since it was not relevant to our case. Each item was

rated on a slider from 0 to 100 with anchors “Very low (0)”, “Neutral (50)”, and “Very high

(100)”.

Prompt: Please move the 5 sliders below to the points which best describe your feeling.

Descriptors:

Mental Demand – How much mental and perceptual activity was required (e.g. thinking, de-

ciding, calculating, remembering, looking, searching etc.). Was the task easy or demanding,

simple or complex, exacting or forgiving?

Temporal Demand – How much time pressure did you feel due to the rate or pace at which

the tasks or task elements occurred? Was the pace slow and leisurely or rapid and frantic?

Performance – How successful do you think you were in accomplishing the goals of the task

set by the experimenter (or yourself)? How satisfied were you with your performance in

accomplishing these goals?
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Effort – How hard did you have to work (mentally and physically) to accomplish your level

of performance?

Frustration Level – How insecure, discouraged, irritated stressed and annoyed versus secure,

gratified, content, relaxed and complacent did you feel during the task?

• Mental Demand

• Temporal Demand

• Performance (reverse coded)

• Effort

• Frustration

A.4 Perfect Automation Schema

Perfect Automation Schema (PAS) was measured using the 7-item scale developed by Merritt

et al. [72]. Of these, 4 items measure high expectations from the autonomy and the other

3 items measure All-or-none thinking. Each item was rated on a 7-point Likert type scale,

with anchors at “Strongly disagree (1)” to “ Strongly agree (7)”.

Prompt: There are 7 statements below for you to rate your beliefs regarding automated

systems. Please select the value on each line that best describes your feeling. (Note: strongly

disagree=1; strongly agree=7).

• Automated systems have 100% perfect performance.

• Automated systems rarely make mistakes.

• Automated systems can always be counted on to make accurate decisions.

• People have NO reason to question the decisions automated systems make.

• If an automated system makes an error, then it is broken.

• If an automated system makes a mistake, then it is completely useless.

• Only faulty automated systems provide imperfect results.
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A.5 Big 5 Personality Traits

We use the 20-item mini-IPIP scale [27] to measure the big 5 personality traits of Openness

(O), Conscientiousness (C), Extraversion (E), Agreeableness (A), and Neuroticism (N). Each

item is rated on a 5-point Likert scale.

Prompt: There are several scales for you to rate your personality. Please select the value on

each line at the point which best describe your feeling. (Note: strongly disagree=1; strongly

agree=5).

• I am the life of the party. (E)

• I sympathize with others’ feelings. (A)

• I get chores done right away. (C)

• I have frequent mood swings. (N)

• I have a vivid imagination. (O)

• I don’t talk a lot. (E, reverse)

• I am not interested in other people’s problems. (A, reverse)

• I often forget to put things back in their proper place. (C, reverse)

• I am relaxed most of the time. (N, reverse)

• I am not interested in abstract ideas. (O, reverse)

• I talk to a lot of different people at parties. (E)

• I feel others’ emotions. (A)

• I like order. (C)

• I get upset easily. (N)

• I have difficulty understanding abstract ideas. (O)

• I keep in the background. (E, reverse)

• I am not really interested in others. (A, reverse)

• I make a mess of things. (C, reverse)
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• I seldom feel blue. (N, reverse)

• I do not have a good imagination. (O, reverse)

A.6 Trust Propensity

Propensity to trust autonomous systems was assessed using a 6-item scale developed by

Merritt et al. [71]. Each item was rated on a 5-point Likert type scale with anchors “strongly

disagree (1)” and “strongly agree (5)”.

Prompt: There are 6 statements below about autonomous systems. Please select a value

that best describes your feeling for each statement. (Note: strongly disagree=1; strongly

agree=5)

• I usually trust autonomous systems until there is a reason not to.

• For the most part, I distrust autonomous systems. (reverse coded)

• In general, I would rely on an autonomous system to assist me.

• My tendency to trust autonomous systems is high.

• It is easy for me to trust autonomous systems to do their job.

• I am likely to trust an autonomous system even when I have little knowledge about it.
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