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A B S T R A C T

In human-robot interaction, particularly in assistive robotics where users rely

on autonomous or semi-autonomous systems for physical support, trust is

central to safe and effective collaboration. While research on trust in robotics

has grown, many studies use simplified scenarios that fail to capture the

complexities of real-world interactions. This thesis addresses these gaps by

investigating trust through experimental user studies, introducing novel

measurement tools, and developing machine learning models tailored to

realistic assistive robotics applications.

Through reviewing empirical studies, we establish that existing work

often uses constrained methodological approaches missing critical aspects of

embodied interaction. Building on these insights, we develop and validate

experimental platforms for studying trust in naturalistic settings. Using an

autonomous wheelchair system, we show that trust is strongly influenced by

robot performance in real navigation tasks: good performance enhances trust

and attitudes, while poor performance harms perception and engagement.

To capture dynamic trust changes, we introduce Trusty, a handheld device

enabling continuous trust measurement without disrupting interaction flow.

In a user study with our wheelchair system, Trusty is validated against

established questionnaires and shown to provide reliable real-time trust

feedback.

Leveraging continuous trust data alongside video, gaze tracking, and

physiological signals, we design a transformer-based model to predict user

trust. Fusing these modalities with auxiliary perceptual tasks improves classi-

fication accuracy, with eye-gaze data proving particularly valuable.
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We also present AMIGA (Assistive Mobile Interactive Grasping Agent),

a mobile manipulation platform combining a UR10e arm with a powered

wheelchair base for robust, cost-effective assistive tasks. Using AMIGA, we

develop Trust-ACT, an imitation learning approach that incorporates trust

annotations for policy refinement. Trust-based trajectory selection improves

success rates and execution times in block-stacking tasks.

This work advances reliable, user-centered assistive robotics by deepening

the understanding of trust and providing practical tools and frameworks.
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S TAT I S T I C A L T E S T S

Throughout this thesis, we employ statistical tests suited to the nature of our

data, which are often non-normal. Below, we describe the tests used in our

analyses, along with brief explanations and examples of their application

within the thesis.

Paired Samples t-Test: Compares continuous measurements from the

same participants at different time points, assuming normally distributed

differences. Applied in Chapter 5 to analyze changes in trust-related

scores pre- and post-robot interaction.

Independent Samples t-Test: Compares means of a continuous variable

between two independent groups, assuming normality. Used in Chapter 5

to evaluate trust sub-scale differences between good- and bad-performing

robot groups.

Mann-Whitney U Test: Non-parametric alternative for comparing two

independent groups without assuming normal distribution. Applied in

Chapter 6 to assess differences in continuous trust measurements and

verbal ratings between robot performance conditions.

Spearman’s Rank Correlation (ρ): Non-parametric measure of mono-

tonic relationships between continuous or ordinal variables. Used in

Chapter 6 to evaluate alignment between continuous trust signals, verbal

self-reports, and questionnaire-based trust scores.

Statistical significance was evaluated at ( p < 0.05 ). While we acknowledge

limitations of null hypothesis significance testing Ioannidis (2005), we report

both significant results and those approaching significance to provide a

complete picture of the observed patterns in our data.
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1
I N T R O D U C T I O N

Robotic systems are increasingly moving beyond controlled industrial en-

vironments into our daily lives - appearing in hospitals, homes, offices, and

public spaces. This transition is particularly evident in assistive robotics,

where autonomous systems are being developed to support mobility, manip-

ulation, and daily tasks. Unlike traditional industrial robots that operate in

segregated spaces, these assistive robots work in close physical proximity

with users, often in unstructured environments with changing conditions

and unexpected obstacles. The success of these systems depends not only on

their technical capabilities but also on their ability to establish and maintain

appropriate levels of user trust.

1.1 motivation

In these real-world settings, trust becomes a critical factor determining the

success of Human-Robot Interaction (HRI). When we trust a robot appro-

priately, we can benefit from its capabilities while maintaining awareness

of its limitations. However, both insufficient and excessive trust can lead to

problems. For example, a user who lacks trust in an autonomous wheelchair

might constantly override its navigation assistance, negating the benefits

of automation and experiencing unnecessary physical strain. Conversely,

excessive trust could lead users to rely on the system in situations beyond its

capabilities, potentially creating unsafe conditions.

Effectively solving these issues of miscalibrated trust requires framing it

not as a passive outcome, but as a dynamic state the robot should actively

manage. A truly adaptive robot should maintain an estimation of a human’s

trust from available signals and then, based on that estimate, take actions

to alter that trust to an appropriate level. For instance, it might act more

cautiously to moderate over-trust or more transparently to build under-trust.

This closed-loop paradigm represents the ultimate goal for safe and effective

23



1.1 motivation 24

Figure 1.1: An autonomous wheelchair navigating a real-world office environment.
Such routine tasks, like passing through doorways, present continuous
challenges that directly influence and test user trust in the system.

human-robot collaboration. The challenge of understanding trust becomes

particularly complex in assistive robotics applications, where users depend

directly on the robot’s capabilities. Unlike simpler automation scenarios, these

interactions involve continuous physical coupling between user and robot,

often in dynamic and unpredictable environments. Traditional approaches to

studying trust in HRI - typically relying on post-interaction questionnaires

or simplified laboratory studies - fail to capture the rich, evolving nature of

trust in these real-world scenarios.

Consider an autonomous wheelchair navigating through an office environ-

ment, as shown in Figure 1.1. Even these routine scenarios present continuous

challenges that can affect user trust - navigating through doorways, avoid-

ing obstacles, and maneuvering in confined spaces. Our trust in the robot

might fluctuate rapidly based on its performance: hesitation near obstacles,

smooth navigation through tight spaces, or unexpected movements can all

influence trust levels. Traditional trust measurement methods cannot capture

these moment-to-moment changes, limiting our understanding of how trust

develops and evolves during physical HRI.

This thesis investigates trust as a metric for evaluating and improving HRI

in assistive robotics through a data-driven approach. We collect and analyze

rich multi-modal data from real-world interactions to examine how trust

relates to objective performance metrics and develop tools for continuous

trust measurement. Using transformer-based models, we demonstrate that

trust can be predicted from multi-modal sensor data. Further, we develop an

imitation learning framework that leverages trust annotations to condition

robot policy generation, resulting in trajectories that exhibit distinct charac-

teristics corresponding to varying levels of human trust during interactions.
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1.2 limitations of existing hri trust research

Existing literature on trust in HRI (reviewed extensively in Chapter 3) reveals

several frequent methodological patterns:

• Passive Observation Approaches: Many studies instruct participants to

watch pre-recorded videos or simulations of robots operating in specific

tasks. These designs, though informative in certain respects, seldom

address the complexities of physical user-robot co-location, such as

shared space, direct contact, or unexpected perturbations.

• Limited Autonomous Capabilities: Most studies rely heavily on pre-

programmed behaviors or Wizard of Oz methods where a hidden

operator controls the robot. Rather than developing robots capable of

robust autonomous operation, these approaches sidestep the engineer-

ing challenges of building systems that can reliably execute complex

tasks in real-world settings.

• Tightly Controlled Lab Studies: When real robots are involved, the

experiments often occur in structured, low-risk environments where the

robot’s behavior is heavily choreographed. While this enables systematic

testing of certain variables, it may not capture the varied and sometimes

unpredictable nature of everyday environments (e.g., narrow hallways,

cluttered rooms).

• Discrete or Post-Task Trust Measurements: Commonly, trust is gauged

only via pre-task and post-task questionnaires. Although such measures

can confirm whether participants ended up "trusting" the system or not,

they do not explain how trust changed during the interaction.

• Limited Physical Interaction: Even when participants interact with

robots, the degree of physicality (e.g., physically riding a wheelchair or

handling objects in tandem with a manipulator) is often minimal. This

can miss crucial aspects of embodied risk, which frequently shape real

user impressions of trust.

While none of these approaches are inherently problematic, controlled

methods can yield important foundational insights, the combined reliance on

them suggests there is a shortage of studies reflecting the dynamic, physically

coupled, and real-world nature of many modern robotics applications. This

context motivates our efforts to design and evaluate trust in more naturalistic

scenarios, gathering continuous feedback that can inform how trust might

form over time.
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1.3 research objectives and approach

Building on these observations, we formulate our overarching research goal:

to design, implement, and evaluate data-driven methods for measuring

and modeling trust in assistive robots operating in unstructured or semi-

unstructured real-world environments, with an emphasis on continuous

user feedback and multi-modal data fusion. Concretely, we address three

interlinked objectives:

O1. Real-World Experimental Investigations of Trust. We set out to create

two primary experimental platforms that encourage rich physical HRI:

• Autonomous Wheelchair: Navigating an office-like environment,

requiring participants to actually ride the wheelchair as it moves.

• AMIGA (Mobile Manipulator): A custom-built research platform

combining a robotic arm with a mobile base, which we used to

develop trust-aware manipulation strategies through imitation

learning.

Our focus on real-world tasks aims to capture aspects of trust that

might not appear in more constrained or purely observational settings.

O2. Development of Continuous Trust Measurement Methods. Recogniz-

ing the limits of purely discrete trust measurements, we explore how

to capture trust in real-time using both direct user input and physiolo-

gical/behavioral signals. Notably, we introduce the Trusty device, a

handheld slider enabling participants to report their trust in a non-

disruptive way throughout the interaction. We also collect data such

as Heart Rate (HR), Electrodermal Activity (EDA), eye gaze, and robot

telemetry for complementary insights.

O3. Computational Modeling and Trust-Aware Policies. To leverage trust

measurements in robotics, we develop deep learning models for trust

prediction from multi-modal data. First, we train transformer models

to predict trust from ego-centric video, eye gaze, and physiological

signals in wheelchair navigation. Second, we apply trust prediction to

robotic manipulation, where a trust prediction model scores and selects

high-performing trajectories generated through imitation learning.

Rather than claiming to conclusively solve all trust-related challenges

in robotics, we aim to advance the field by offering empirical evidence

and modeling approaches that highlight the interplay between real-world

conditions, continuous trust assessment, and robot adaptation.
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1.4 key contributions

Within the framework of these objectives, we highlight the following contri-

butions, acknowledging that they are steps toward broader integration of

trust modeling in robotics:

C1. Empirical Review of HRI Trust Studies: A systematic investigation of

trust literature in HRI, underscoring how many studies rely on scenarios

where physical interaction is limited. This helps clarify the need for

deeper, more immersive experimentation. (Chapter 3)

C2. Real-World Wheelchair Trust Experiments: Implementation and test-

ing of an autonomous wheelchair in a standard office environment,

allowing participants to ride the robot. We examine how varied per-

formance profiles affect user trust over the course of actual navigation

tasks. (Chapters 4–5)

C3. Continuous Trust Measurement Tools: Introduction and validation of

the Trusty device, alongside multi-modal physiological data collection.

These methods yield detailed time-series trust data that supplement

or refine standard questionnaires, providing richer insight into the

evolving nature of trust. (Chapter 6)

C4. Multi-Modal Deep Learning for Trust Prediction: Development of

transformer-based models that integrate video, sensor, and physiolo-

gical signals. We explore how these models can infer trust states in

near real-time, potentially supporting adaptive behaviors in the future.

(Chapter 7)

C5. AMIGA Platform Development: Design and implementation of a ver-

satile mobile manipulation platform, the Assistive Mobile Interactive

Grasping Agent (AMIGA), which combines a UR10e robotic arm with a

powered wheelchair base. AMIGA serves as an open research platform

in the Personal Robotics laboratory, facilitating a wide range of studies

to advance assistive robotics research. (Chapter 8)

C6. Trust-Aware Imitation Learning (Trust-ACT): Development of Trust-

ACT, an imitation learning approach that uses trust annotations to

improve manipulation policies. The method extends Action Chunking

with Transformers (ACT) with trust conditioning and prediction, gener-

ating trajectories reflecting varying trust levels and enabling best-of-n

selection via a trust prediction model. Validated on AMIGA (Chapter 8).
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1.5 thesis roadmap

The thesis is structured into three overarching sections (see Figure 1.2),

followed by concluding thoughts and future directions:

1. Foundations:

• Chapter 2 (Background): Provides an overview of key trust defini-

tions, models, and conceptual frameworks drawn from robotics,

psychology, and automation literature.

• Chapter 3 (Trust Review - Analysis of Empirical Studies): Re-

views current approaches to studying trust in HRI, noting that

many rely on simulations, media, or minimal physical interactions,

and highlights the need to explore trust in real-world settings.

2. Wheelchair Trust Studies:

• Chapter 4 (Experimental Platform - Autonomous Wheelchair):

Describes the design, experimental setup, and technical implement-

ation of our autonomous wheelchair platform for real-world user

studies, demonstrating robust navigation in unstructured settings.

• Chapter 5 (Building Trust - Trust Evolution Analysis): Presents

our preliminary experimental findings, revealing that varying

performance profiles significantly influence user trust during direct

physical interaction with the autonomous wheelchair.

• Chapter 6 (Beyond Self-Report - Continuous Trust Measure):

Introduces and validates the Trusty device for continuous trust

measurement, showing that its readings align well with traditional

trust questionnaires and verbal trust scores.

• Chapter 7 (Trust Prediction - Multi-Modal Deep Learning): Ex-

plores the integration of video, eye gaze, physiological signals,

and robot telemetry through a transformer-based deep learning

framework to predict user trust states during interactions.

3. Robot Manipulation:

• Chapter 8 (AMIGA Platform - Trust-ACT for Imitation Learning):

First details the design and implementation of our custom mobile

manipulation platform, followed by the development of Trust-

ACT, an imitation learning method that uses trust annotations to

improve trajectory selection during policy execution.



1.5 thesis roadmap 29

Figure 1.2: An overview of the thesis structure, illustrating the logical flow and con-
nections between chapters. The thesis is divided into three main sections:
Foundations, which provide theoretical and empirical background; Wheel-
chair Trust Studies, which focus on experimental platforms and trust
measurement methods; and Robot Manipulation, which explores trust-
conditioned policy learning and generation. This roadmap highlights the
progression from foundational concepts to practical implementations and
innovations in human-robot interaction.
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The thesis concludes with Chapter 9, where we synthesize key findings

across all experimental work, discuss broader implications for trust in HRI,

and outline promising directions for future research.

By integrating multiple lines of inquiry — literature review, real-world

wheelchair experiments, continuous measurement tools, and advanced mod-

eling methods — we seek to provide a more holistic perspective on trust

within assistive robotics. Each component of the thesis is intended as a step

toward deepening our understanding of how trust arises, changes, and can be

used to enhance human-robot collaboration in tangible, real-world contexts.

Ultimately, we aim to offer insights that may help roboticists, designers,

and researchers develop assistive systems that better respond to the subtleties

of user trust and expectations. We do not claim to provide a definitive

solution for all trust-related questions. Rather, we hope this work contributes

empirically grounded methods, data, and frameworks that can inspire further

exploration and refinement of trust-aware approaches in HRI.

1.6 publications

Throughout this PhD, we have generated several peer-reviewed publications.

The key publications that serve as the foundation of this thesis are highlighted

first, along with their respective thesis chapters:

Lingg, N., and Demiris, Y. (2023), “Building Trust in Assistive Robotics:

Insights From a Real-World Mobile Navigation Experiment,” Proceedings of

the First International Symposium on Trustworthy Autonomous Systems (TAS ’23),

Article 37, 1–7, doi: 10.1145/3597512.3597519.

• This study investigates how trust is influenced by the performance

of an autonomous wheelchair in a real-world mobile navigation task

involving 27 participants. The findings reveal that good performance

enhances trust and improves attitudes towards the robot, while poor

performance negatively affects perception and attitudes, underscoring

the importance of robot performance in building user trust.

• Chapter 5 is based on this article.

Lingg, N., and Demiris, Y. (2023), “Beyond Self-Report: A Continuous Trust

Measurement Device for HRI,” in Proceedings of the 2023 32nd IEEE International

Conference on Robot and Human Interactive Communication (RO-MAN), pp. 2220-

2225, doi: 10.1109/RO-MAN57019.2023.10309660.

• The research introduces Trusty, a handheld device for continuously

measuring trust levels in HRI, and validates its effectiveness through a
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study with 29 participants using an autonomous wheelchair for mobile

navigation tasks. The study finds that Trusty’s measurements align with

traditional trust questionnaires and self-reported trust scores.

• Chapter 6 is based on this article.

Lingg, N., and Demiris, Y. (2024), “Trust Prediction in Assistive Robotics

using Multi-Modal Video Transformers,” in 16th International Conference on

Social Robotics (ICSR), pp. 128–140, doi: 10.1007/978-981-96-3519-1_13.

• This research presents a proof-of-concept study for transformer-based

trust prediction in assistive robotics. The study introduces a novel

multi-modal video transformer to predict user trust in human-robot

interactions with an autonomous wheelchair. The model achieves ap-

proximately 65% accuracy in predicting trust levels (high, medium,

low), with eye-gaze data significantly enhancing performance.

• Chapter 7 is based on this article.

Lingg, N., and Demiris, Y. (2025), “Trust-ACT: Integrating Trust in Imitation

Learning,” in Proceedings of the 2025 34th IEEE International Conference on Robot

and Human Interactive Communication (RO-MAN), (to appear).

• This paper introduces Trust-ACT, a framework that integrates trust as a

conditioning variable into an imitation learning policy using a condi-

tional variational autoencoder (CVAE). The work addresses posterior

collapse with a partial masking technique and uses a trust prediction

model to select optimal trajectories, improving task success rates.

• Chapter 8.3 is based on this article.

In addition, the internship at Apple’s Machine Learning Group led to the

following paper presented at a NeurIPS workshop:

Lingg, N., Sarabia, M., Zappella, L., Theobald, B. J. (2022), “Contrastive

Self-Supervised Learning for Skeleton Representations,” The Workshop on

Self-Supervised Learning - Theory and Practice (NeurIPS 2022), arXiv preprint

arXiv:2211.05304, doi: 10.48550/arXiv.2211.05304.

• This research paper investigates using SimCLR, a self-supervised learn-

ing technique, to create strong representations of human skeleton point

clouds. The study finds that spatial and temporal augmentations are cru-

cial for achieving favorable results in tasks like skeleton reconstruction

and activity classification. Additionally, using a graph-based encoder

like ST-GCN produces superior quality representations.
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The following publications, though not central to the core thesis, reflect

additional research contributions made during the PhD program:

Luo, H., Chacon Quesada, R., Casado, F. E., Lingg, N., Demiris, Y. (2025), “In-

terface Matters: Comparing First and Third-Person Perspective Interfaces for

Bi-Manual Robot Shoe Lacing Behavioural Cloning,” 2025 IEEE International

Conference on Robotics and Automation (ICRA) (Accepted).

• This study investigates the role of user interface design in imitation

learning (ACT), comparing the effectiveness of first and third-person per-

spective interfaces for robot shoe-lacing, a highly dexterous, bi-manual

manipulation task. The research highlights how first-person perspect-

ives improve execution time and consistency, potentially enhancing

expert demonstrations and learning outcomes

Yarici, M.C., Von Rosenberg, W., Hammour, G., Davies, H., Amadori, P.,

Lingg, N., Demiris, Y., and Mandic, D. (2022), “Hearables: Feasibility of

Recording Cardiac Rhythms from Single Ear Locations,” bioRxiv, pp.2022-12.,

doi: 10.1101/2022.12.11.519949.

• This work explores the feasibility of hearables for health monitoring,

specifically examining Electrocardiogram (ECG) signals from one ear.

The study demonstrates that one-ear ECG signals are reliable and show

resilience to external noise in real-world situations.

Yarici, M. C., Amadori, P., Davies, H., Nakamura, T., Lingg, N., Demiris, Y.,

and Mandic, D. P. (2022), “Hearables: Ear EEG Based Driver Fatigue Detection,”

arXiv, doi: 10.48550/arXiv.2301.06406.

• This paper discusses the use of Electroencephalogram (EEG) based

monitoring systems for detecting driver fatigue and drowsiness. It ex-

plores the potential of in-ear EEG sensors as a wearable and unobtrusive

solution for continuous monitoring of driver vigilance.

With this context in place, we now turn to Chapter 2. This chapter reviews

the foundational concepts of trust from robotics, psychology, and automation

literature, laying the theoretical groundwork for the experiments and findings

discussed in the following chapters.
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B A C K G R O U N D

In this chapter, we review current research on trust, drawing insights from

robotics, automation, machine learning, and psychology. This interdiscip-

linary approach helps us build a solid foundation for understanding trust

in Human-Robot Interaction (HRI) — a key element for achieving effective

collaboration between humans and robots. Our review lays the theoretical

and technical groundwork that supports the experimental work presented in

later chapters. We begin by defining trust in the context of HRI (Section 2.1),

discuss the factors influencing trust formation (Section 2.2), established meth-

ods for measuring trust (Section 2.3), computational models of trust (Section

2.4), and current limitations in real-time trust assessment (Section 2.5). Finally,

we provide technical foundations on transformer architectures (Section 2.6),

which serve as a key building block for the deep learning approaches we

develop in later chapters.

2.1 defining trust in human-robot interaction

Defining trust within the nuanced context of HRI is crucial for developing

effective collaborations between humans and robots, ensuring safety, and

enhancing user acceptance of robotic systems. Existing definitions from

various fields offer valuable insights, but require careful consideration for

application to HRI. Several definitions focus on the role of uncertainty and

vulnerability, such as that proposed by Lee and See (2004), who define trust as

‘the attitude that an agent will help achieve an individual’s goals in a situation

characterized by uncertainty and vulnerability.‘ Similarly, Muir (1994) offers

a relevant perspective, emphasizing that ‘trust is the intervening variable that

mediates supervisors’ intervention behavior’. Other definitions emphasize the

role of expectations, including that of de Vries et al. (2003): ‘the expectation

of a user about the system, that the system will perform a certain task...while

the outcome...is uncertain.’ In addition, Biros et al. (2004) and Madhavan

33
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and Wiegmann (2007) highlight the role of confidence in their definitions

of trust. Biros et al. (2004) define it as ‘having confidence in and entrusting

the system automation to do the appropriate action’, while Madhavan and

Wiegmann (2007) define it as ‘the expectation of, or confidence in, another

and is based on the probability that one party attaches to co-operative or

favourable behavior by other parties’.

Building upon the existing literature and acknowledging the unique as-

pects of HRI, we characterize our approach to understanding trust in this

thesis. We see trust as arising in situations involving uncertainty and vulner-

ability for the trustor. As a dynamic, multidimensional construct, it evolves

over time and across different contexts, and cannot be directly observed or

measured. Trust is inherently task-specific, with a person’s trust in a robot

varying depending on the activity or situation. It also acts as a mediator

between past experiences and future reliance, influencing how past interac-

tions affect future behavior. Finally, trust demonstrates individual differences,

varying significantly based on the trustor’s personality, experiences, and

characteristics.
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Figure 2.1: Conceptualization of trust in HRI as a dynamic construct emerging from
uncertainty and vulnerability, influenced by individual traits and mediat-
ing between past experiences and future reliance.

This view of trust in HRI, as illustrated in Figure 2.1, highlights the import-

ance of real-world, embodied interactions. The dynamic and multidimen-

sional nature of trust becomes particularly evident when humans interact

with robots in physical environments. The robot’s embodied presence allows

for non-verbal communication—such as gestures, eye contact, and proxemics

— which can enhance user trust. For example, a robot that maintains appropri-
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ate eye contact and responds to human gestures may appear more trustworthy.

Additionally, the unpredictable nature of real-world environments requires

robots to adapt and respond to unexpected events, demonstrating reliability

and competence, which further influences trust formation. The task-specific

nature of trust is also best understood in real-world settings; for instance,

a user’s trust in a robot may vary when the robot is tasked with simple

navigation versus handling fragile objects. The specific demands and user

expectations of different tasks strongly influence how trust evolves over time.

In summary, we view trust in HRI as a task-specific and dynamic state. It

is a complex construct influenced by individual traits and past experiences,

forming the basis for future reliance on robots, particularly in uncertain and

vulnerable contexts.

2.2 trust factors

Trust in HRI is shaped by multiple interconnected factors that influence how

users develop and maintain confidence in robotic systems. A foundational

meta-analysis by Hancock et al. (2011) identified and categorized these factors

into three main groups: human-related factors, robot-related factors and en-

vironmental factors. Each of these categories contains two subcategories with

more specific factors. For example, robot-related factors are divided into

performance- (e.g., reliability, predictability, failure rate and transparency)

and attribute- (e.g., proximity, robot personality, adaptability and anthropo-

morphism) based factors. A quantitative examination of these factors has

1. Robot-Related 2. Human-Related
3. Task &
Environment-Related

(a) Performance-Related (c) Appearance-Related Personality Nature of task

Dependability, reliability
and error

Similarity with operator Culture
Physical presence of
robot in task site

Level of automation Gender System understanding In-group membership

Situation awareness,
feedback and
Transparency

Harmony of appearance
with task

Demographics Duration of interaction

Anthropomorphism Subjective feeling Task site

(b) Behavior-Related Experience with robots Revocability

Dialogues Proximity Rationality

Likeability & friendliness
Personality (harmony
with task)

Risk

Confess to reliability Apologize for failure
Workload, complexity
and required level of
multitasking

Table 2.1: Factors affecting trust in HRI (adapted from Khavas et al. (2020))
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shown that trust development is most affected by robot-related factors, fol-

lowed by environmental factors. The least significant factors influencing trust

were found to be human-related factors, but the authors attribute this result

to a lack of empirical data from existing research. A recent paper by Khavas

et al. (2020) updated the findings from Hancock et al. (2011) and excluded

some factors while adding others due to a lack of increased interest in recent

studies. Furthermore, the authors modified the classification for some factors

to reflect the current state of trust research compared to Hancock et al. (2011).

Table 2.1 shows the factors affecting trust in HRI according to Khavas et al.

(2020).

2.3 trust measurements

As established in Section 2.1, trust is a complex, latent, and multi-dimensional

internal state influenced by the numerous factors discussed in Section 2.2. This

inherent complexity makes direct and complete measurement challenging.

For empirical study and practical application, we often rely on assessing a

simplified representation of this state.

We suggest that when individuals are asked to report their trust (e.g., "How

much do you trust this robot?"), they undertake a cognitive process that

effectively reduces the dimensionality of their internal assessment. This could

involve integrating the various salient factors from the high-dimensional

trust space — such as perceived performance, appearance, task context, and

vulnerability (Figure 2.2, left panel) — into a single, reportable judgment or

feeling of trust. The outcome of such a process can be conceptualized as a

&

Figure 2.2: Trust measurement concept: A complex internal trust state, influenced by
multiple factors (left), is cognitively processed by humans into a single
’collapsed’ trust level (right) for reporting, a process conceptualized as
dimensional reduction.
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’collapsed’ trust measure (Figure 2.2, right panel), which is reflected in the

single values often obtained through self-report instruments.

It is typically this ’collapsed’ representation that we aim to capture using

various measurement techniques. Therefore, throughout this thesis, while

acknowledging the multi-faceted nature of trust defined earlier (Section 2.1),

when we refer to measuring, predicting, or conditioning on trust, we are

specifically referring to operationalized indicators or reported levels of this

collapsed representation. These serve as valuable, tractable proxies for quant-

itative analysis, allowing us to leverage the practical utility of quantitative

scales and models while remaining grounded in the acknowledged complex-

ity of trust.

With this understanding of how complex trust states are translated into re-

portable, collapsed measures, we now turn to the specific methods researchers

use to capture or infer these trust indicators. Broadly, these approaches can

be categorized into subjective and objective measures. Subjective measures

aim to directly measure the user’s reported level of trust, often through ques-

tionnaires or self-report scales. Objective measures, on the other hand, track

physiological or behavioral correlates that are thought to reflect the underly-

ing trust state, though they typically require further interpretation. Figure 2.3

provides an overview of these primary categories and their sub-types.

Objective Measure

Trust Measure

Subjective Measure

Brain Activity

Heart Rate/Heart Rate Variability

Skin Conductance

Eye-Gaze
...

Physiological Measures

Behavioural Measures

Number of Intervention

Change of Autonomy Level

...

Questionnaires

Self-Report

Figure 2.3: Common trust measurement methods in automation and robotics, cat-
egorized into subjective approaches (e.g., questionnaires, self-reports) and
objective approaches. Objective methods include physiological indicators
(e.g., heart rate, eye-gaze) and behavioral indicators (e.g., interventions,
changes in autonomy level).
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Paper Description Domain

Jian et al.
(2000)

A 7-point scale consisting of 12 items that measure global trust in a
system. Items include ‘The system is dependable’ and ‘I can trust
the system.’

HRI

Lee and
Moray (1994)

A 10-point scale comprising five questions that measure trust and
self-confidence in the automated system. Questions include ‘How
much did you trust the automatic controller?’

Automation

Madsen and
Gregor (2000)

A 5-point Likert scale (strongly disagree to strongly agree)
consisting of 25 items measuring human–computer cognition- and
affective-based trust. Items include ‘The system performs reliably.’

Human-
Computer
Interaction

Chien et al.
(2014)

A 5-point Likert scale (strongly disagree to strongly agree) across
three main constructs (performance expectancy, etc.) and three
types of moderators (cultural differences, etc.) for a cross-cultural
trust scale with 9 items.

Automation

Desai et al.
(2013)

Trust level changes measured every 25 seconds during experiments
(increase, decrease, or no change). AUTC used to infer trust changes.

HRI

Merritt (2011)
A 5-point Likert scale (strongly disagree to strongly agree)
consisting of six items. Items include ‘For the most part, I distrust
machines.’

Automation

Körber (2019)
A 5-point Likert scale (strongly disagree to strongly agree)
comprising 19 items measuring trust in automation. Questions
include ‘The system state was always clear to me.’

Autonomous
Vehicle

Wojton et al.
(2020)

A 7-point Likert scale (strongly disagree to strongly agree) with
nine items capturing two trust dimensions: system understanding
and system performance.

Automation

Schaefer
(2016)

A 40-item scale where participants estimate the percentage of time
that the robot meets certain criteria or exhibits certain attitudes.

Robotics

Table 2.2: List of commonly used subjective scales for trust measurements in auto-
mation and robotics

2.3.1 Subjective Measures

Various subjective surveys and self-report scales have been proposed and used

in the past in robotics and automation research. A selection of examples is

shown in Table 2.2. Most of these subjective measures use a questionnaire with

a Likert scale to quantify trust. However, there are several limitations of self-

report scales. First, they do not produce a dynamic measurement, meaning

they only capture the user’s perceived trust at one particular time (typically

before and after the experiment) rather than measuring continuously over

the duration of the experiment. Second, not all humans are sufficiently self-

aware to understand their current level of trust accurately. In addition, Likert

scales have been found to be susceptible to acquiescence bias (Hinz et al.,

2007), which could cause an incorrect perception of trust. Another approach,

developed by Desai et al. (2013), uses the Area Under The Trust Curve (AUTC)

measure. At regular time intervals, participants are asked to report trust

changes (trust increased, trust decreased, trust unchanged), which are then

integrated over time to obtain the AUTC measure. Researchers selecting a
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Objective Measure Description Example Studies

Physiological Measures

Heart Rate (HR) /
Heart Rate
Variability (HRV)

Measures cardiac activity; changes indicate stress or
relaxation levels associated with trust

Van Lange et al.
(2011)

Electrodermal
Activity (EDA)

Assesses skin conductance; increases with sweating due
to stress or arousal

Walker, Wang,
Martens and
Verwey (2019)

Electroencephalogram
(EEG)

Records brain’s electrical activity; detects cognitive and
emotional states linked to trust

de Visser et al.
(2018)

Eye-gaze tracking
Monitors eye movements and blink rates; indicates
attention, arousal, and trust levels

Walker, Wang,
Martens and
Verwey (2019)

Facial expression
analysis

Interprets facial muscle movements to detect emotional
states

Khalid et al.
(2016)

Facial
electromyogram
(fEMG)

Measures facial muscle activity; sensitive to subtle
emotional expressions

Ben Ajen-
aghughrure et al.
(2021)

Skin temperature
Observes changes in skin temperature reflecting
emotional states

Chauhan et al.
(2024)

Voice/speech analysis
Analyzes vocal characteristics; may reflect emotions
related to trust

Elkins and
Derrick (2013)

Behavioral Measures

Number of
interventions

Counts how often a human intervenes in the robot’s
actions; higher frequency may indicate lower trust

Xu and Dudek
(2015)

Change of autonomy
level

Observes human-initiated changes in the robot’s
autonomy level

Kaniarasu et al.
(2012)

Compliance or
reliance

Measures the extent to which humans rely on the
robot’s suggestions or actions

De Visser et al.
(2017);
Weerawardhana
et al. (2024)

Hesitation or response
time

Analyzes delays in human responses as indicators of
uncertainty or trust levels

Maehigashi et al.
(2024);
Maehigashi and
Yamada (2023)

Table 2.3: Objective physiological and behavioral measures commonly employed for
assessing trust in HRI. Physiological measures capture unconscious bodily
responses, while behavioral measures quantify observable human actions
and decisions during robot interactions.

subjective scale to use in their experiment must consider that, depending

on the experiment, different scales might not give the same results; most

subjective questionnaires are not interchangeable (Kessler et al., 2017).

2.3.2 Objective Measures

Physiological signals can be used to estimate the stress levels and cognitive

load of humans (Conway et al., 2013). For example, in stressful situations,

human body functions such as HR, skin conductance and brain signals are
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affected, and physical signals such as changes in facial expression, speech or

behavior can be detected. These physiological responses can then be used

to predict a person’s stress level (Conway et al., 2013). The same premise is

true for trust. Researchers have proposed various objective measures for trust

estimation. Table 2.3 shows commonly used objective measures that have

been used in trust research.

The advantages of objective measures are that they can be used for real-

time assessment in any environment, and any personal biases or falsifications

that are often present in subjective measures can be ruled out. According

to Walker, Wang, Martens and Verwey (2019), a combination of eye gaze

and EDA signals predicts trust better than either method would individually.

Another study showed that interventions in a robot’s autonomy level could

be used as a real-time indication of a change in trust (Kaniarasu et al., 2012).

Van Lange et al. (2011) found that measures of HR predict trust, behavioural

trust and self-reported trust. The premise is that people tend to feel less

anxious and more relaxed around people or systems they trust. Furthermore,

several studies (Ajenaghughrure et al., 2019; de Visser et al., 2018) suggest that

EEG is a highly promising measure of trust, but this approach requires further

research. In a recent paper, Ben Ajenaghughrure et al. (2021) investigated

which objective measures are most suitable for real-time trust assessment.

Using an autonomous driving simulator, the researchers collected EEG, EDA,

Electrocardiogram (ECG), eye-tracking and fEMG data and trained a variety

of trust classifier models individually for each objective measure and as an

ensemble. The authors found that EEG is most reliable in predicting trust as a

single measure, but an ensemble approach outperformed all other models.

Combining multiple signals to improve trust estimates seems particularly

promising.

2.4 trust models

Trust models have developed across various categories, each tailored to meet

specific research needs and diverse contexts. As shown in Figure 2.4, these

models can be broadly classified into qualitative and quantitative approaches,

both offering distinct methodologies for understanding, measuring, and

effectively predicting trust outcomes.
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Quantitative Models

Trust Models

Qualitative Models

Time Series Models

Regression Models

Neural Networks

Deterministic Models

Probabilistic Models

Hidden Markov Models (HMM)

Markov Decision Processes (MDP)

Partially Observable Markov
Decision Process (POMDP)

Figure 2.4: Common trust models: Illustrating the distinction between qualitative
(descriptive) and quantitative (computational) approaches.

2.4.1 Qualitative Models

Various qualitative models have been proposed to understand the factors

influencing trust in automation (Hancock et al., 2011; Hoff and Bashir, 2015;

Muir, 1994). These models offer valuable insights and serve as heuristics to

guide research but are not designed for quantitative predictions.

Muir (1994) developed a qualitative model of trust in automation by ad-

apting models of interpersonal trust to the human-machine relationship.

This integrated model draws upon two key frameworks: Barber’s (1983) tax-

onomy of trust expectations (persistence, technical competence, and fiduciary

responsibility) and Rempel et al.’s (1985) model of trust dynamics (predict-

ability, dependability, and faith). The core of Muir’s model lies in defining

trust (Ti) held by an individual i in an automation system j as a composite of

these expectations:

Ti = Ei(Pn + Pm) + Ei(TCPj) + Ei(FRj) (2.1)

where Ei represents the expectations held by individual i; Pn and Pm repres-

ent the expectations of persistence of the natural physical and moral social

orders, respectively; TCPj is the expectation of technical competence from

system j; and FRj is the expectation of fiduciary responsibility from system

j. To illustrate the application of this model, consider the development of

trust in an autonomous wheelchair. Table 2.4 outlines how these expectations

intersect with the stages of trust development.
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Table 2.4: Examples of Muir’s Integrated Model of Trust in an Autonomous Wheel-
chair (Adapted from Muir, 1994). This table illustrates how trust may de-
velop through stages of Predictability, Dependability, and Faith (columns,
adapted from Rempel et al., 1985) across three key expectations users may
have of automation: Persistence, Technical Competence, and Fiduciary
Responsibility (rows, adapted from Barber, 1983). Each cell provides a
concise example of how the corresponding expectation may manifest in
user experience with the wheelchair at each stage of trust development.

Expectation Predictability Dependability Faith

Persistence Moves straight,
stops for
obstacles.

Navigates
unfamiliar rooms,
avoids obstacles.

Navigates
crowded
environments
safely.

Technical
Competence

Follows
pre-programmed
routes.

Adjusts to uneven
surfaces, narrow
corridors.

Adapts to
unpredictable
environments
(airports).

Fiduciary
Responsibility

Stops safely for
obstacles, avoids
collisions.

Avoids
pedestrians,
adjusts route for
timely arrival.

Makes safe
decisions in
emergencies
(sudden crossings,
power outages).

Muir further proposes a hypothetical regression model to capture the poten-

tial interactions between these expectations:

Ti = B0 +B1P+B2TCP+B3FR+B4P · TCP
+B5P · FR+B6TCP · FR+B7P · TCP · FR (2.2)

where P represents Persistence, TCP represents Technical Competence, FR

represents Fiduciary Responsibility, B0 is the intercept, and B1, . . . ,B7 are

coefficients representing the weights and interaction effects. This equation

highlights the potential complexity of trust formation, suggesting that it’s not

a simple additive function of individual expectations. However, it remains a

hypothetical model due to the challenges in measuring these constructs.

Similarly, Hancock et al. (2011) developed a qualitative framework for

HRI trust through a meta-analysis of 19 empirical studies. They categorized

influential factors into three groups: human-related (H), robot-related (R),

and environment-related (E), expressed as:

T = f(H,R,E) (2.3)

where T represents trust. These categories encompass various sub-factors

influencing trust formation, as detailed in Section 2.2 (Table 2.1). To illustrate,

consider an automated wheelchair user relying on the technology (Table 2.5).
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Table 2.5: Examples of Hancock et al. (2011) framework applied to an autonom-
ous wheelchair scenario. This table demonstrates how various human-
related, robot-related, and environmental factors may influence trust in
an autonomous wheelchair for a user with a disability who relies on it for
mobility.

Category Example Factors

Human-related
factors

User’s disability level, prior experience with assistive
technology, technical proficiency, anxiety about technology
failures, confidence in their ability to handle unexpected
situations, familiarity with the wheelchair’s functionalities.

Robot-related
factors

Performance: Navigation accuracy and reliability, responsiveness
to user commands, battery life and reliability, safety
mechanisms (e.g., obstacle avoidance, emergency stops).
Attributes: Comfort and ergonomics of the wheelchair, ease of
use and customization of controls, aesthetic design, perceived
"intelligence" and adaptability of the navigation system.

Environmental
factors

Accessibility of the built environment (e.g., ramps, elevators,
smooth surfaces), presence of obstacles and crowds, weather
conditions, social stigma related to disability and assistive
technology, support and training available from healthcare
professionals.

Hancock et al. (2011)’s analysis, discussed further in Section 2.2, revealed

that robot-related factors (R), especially performance-based ones, had the

most significant impact on trust. While human-related (H) and environmental

(E) factors also contribute, their influence was found to be smaller. Unlike

Muir’s theoretical model, this framework is descriptive, empirically-based,

and avoids specific quantitative formulations.

Likewise, Hoff and Bashir (2015), based on a systematic review of 127

studies, proposed a three-layered model of trust in automation: dispositional,

situational, and learned trust. This model can be represented as:

T = f(D,S,L) (2.4)

where T represents overall trust, and D, S, and L denote dispositional, situ-

ational, and learned trust, respectively.

Dispositional trust (D) reflects an individual’s inherent tendency to trust

automation, influenced by factors like culture, age, gender, and personality.

Situational trust (S) depends on the interaction context, including workload,

risk, organizational setting, and the user’s transient internal state (e.g., mood,

self-confidence). Learned trust (L) arises from past experiences with the

specific automation or similar systems, shaped by the system’s performance,

design, and the user’s prior knowledge. Table 2.6 illustrates this model

applied to an autonomous wheelchair user.
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Table 2.6: Hoff and Bashir’s (2015) Three-Layered Trust Model Applied to an
Autonomous Wheelchair. This table demonstrates how dispositional, situ-
ational, and learned trust may interact to influence a user’s overall trust in
an autonomous wheelchair.

Trust Layer Example Factors

Dispositional (D) The user’s personality (e.g., general tendency to trust
technology), cultural background, age, and gender may
influence their initial and overall trust in the wheelchair.

Situational (S) The user’s current workload (e.g., navigating a busy
environment), perceived risk of using the wheelchair in
specific situations (e.g., crossing a busy street), social
context (e.g., presence of other people), and their current
mood and self-confidence may affect their trust level.

Learned (L) Prior experiences with the specific wheelchair model (e.g.,
past failures or successes), experiences with other similar
assistive technologies, knowledge about the wheelchair’s
functionalities and limitations, and awareness of its
reliability and safety features may shape the user’s trust.

2.4.2 Quantitative Models

Quantitative trust models provide mathematical representations of trust,

enabling robots to predict human trust levels and adapt their behavior accord-

ingly to maintain effective human-robot collaboration. These models have

been developed using various approaches, which are commonly categorized

into five classes: performance-centric algebraic models, time-series models,

Markov Decision Process (MDP) and Partially Observable Markov Decision

Processes (POMDP) models, Gaussian-based models, and Dynamic Bayesian

Network (DBN)-based models.

Each category offers unique perspectives and methodologies for under-

standing, measuring, and predicting trust. The choice of model depends on

factors such as desired interpretability, data availability, the need to capture

temporal dynamics, computational resources, and integration with robot

control systems.

2.4.3 Performance-Centric Algebraic Models

Performance-centric algebraic models are deterministic models that quantify

trust based primarily on observable performance metrics of the robot or

automation system. These models often use explicit mathematical equations

that directly link trust to performance indicators, assuming a direct and

immediate relationship between the two.
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An example of such a model is the RoboTrust algorithm proposed by

Mikulski et al. (2012), designed for trust assessment in autonomous convoy

operations. The trust at time step k, denoted as RoboTrust(k), is computed

using a conservative update mechanism:

RoboTrust(k) = min

















∑k
j=k−τT

OB(j)

τT+1
∑k

j=k−τT−1 OB(j)

τT+2
...

∑k
j=k−cT

OB(j)

cT+1

















(2.5)

The model uses two key parameters: tolerance (ÄT ) and confirmation (cT )

defining minimum and maximum observation window lengths respectively,

with binary observations OB(j) ∈ 0, 1 indicating success/failure at each

time step. The confirmation parameter describes how many consecutive

positive observations are needed to reach complete trust, while tolerance

defines how many consecutive negative observations lead to complete distrust.

By computing averages over progressively longer windows (from ÄT to

cT ) and taking their minimum, the model maintains sensitivity to recent

negative experiences while requiring sustained good performance to build

trust. Originally developed for convoy scenarios where follower vehicles must

infer trustworthiness from leader performance without knowledge of convoy

goals, this conservative approach prioritizes safety in failure-critical situations.

However, the model has notable limitations: it cannot learn behavior patterns

over time, applies parameters uniformly across agents regardless of their

characteristics, and lacks mechanisms for dynamic parameter adjustment

based on experience.

Another performance-centric algebraic model was proposed by Xu and

Dudek (2016) for asymmetric human-robot collaborations. Their model quan-

tifies changes in trust through a weighted combination of performance metrics

and assessments:

∆Tsession(W,Q) =
1

Q
[round(Q · Tpost−session) − round(Q · Tpre−session)]

=
∑

∀i,j,k

(É0 +ÉiE
post−event
i (W) +ÉjE

session
j +ÉkA

session
k )

(2.6)

where W represents the post-event window duration, Q is the trust quant-

ization level, Epost−event
i are experience-based metrics within window W,

Esession
j are session-level metrics, Asession

k are user assessments, and É

terms are weights learned from data. The model considers performance at
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multiple timescales, from immediate post-event reactions to session-wide

experiences. Validated in visual navigation tasks, this model predicted trust

changes with personality factors being stronger predictors than experience

metrics.

Other performance-centric algebraic models include Floyd et al. (2015),

where trust in cooperative patrol tasks updates based on cumulative success

or failure of robot actions, TrustB ′ =
∑n

i=1wici, with ci as action success (1)

or failure (−1) and wi as weights. Itoh and Tanaka (2000) introduced a step-

function model defining trust as t(x) = 1 for dependable conditions (x ∈ D),

³x ∈ [0, 1] for unpredictable conditions (x ∈ UP), and 0 otherwise, linking

trust to performance thresholds. Similarly, Rabby et al. (2020) proposed a

step function where trust T(t) is 0 if robot performance RP(t) is below fP,

transitions to ϵ near dependability fD, and reaches 1 at a maximum threshold

fF, reflecting relative performance.

Performance-centric algebraic models are efficient in scenarios where robot

performance is the dominant consideration, and trust adjustments based on

performance changes are immediate and direct. However, they are limited in

their ability to capture the dynamic and multifaceted nature of trust. They

often overlook factors such as human individual differences, contextual influ-

ences, and the history of interactions. Moreover, they assume immediate and

linear effects of performance on trust, which may not reflect the complexity

observed in real-world HRI scenarios.

2.4.4 Time-Series Models

Time-series models capture the temporal evolution of trust by modeling it as

a dynamic process influenced by past trust levels and other time-dependent

variables. These models account for the inertia in trust dynamics, recognizing

that trust changes gradually over time rather than instantaneously.

An influential time-series model is the Autoregressive Moving Average

Vector (ARMAV) model proposed by Lee and Moray (1992). As a general

form, an AR model can be represented as:

T(k) = ϕ1T(k− 1) +A1P(k) +A2F(k) + a(k) (2.7)

In this equation, T(k− 1) is the trust level at time k− 1, P(k) represents the

performance of the automation at time k, and F(k) denotes fault occurrences

at time k. The coefficients ϕ1, A1, and A2 quantify the impact of previous

trust, performance, and faults, respectively. The term a(k) is a random noise
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capturing unexplained variations. Lee and Moray (1992) found that, for their

specific application, a model incorporating past values of performance and

faults provided a better fit, and the noise term was found to be negligible.

This model reflects that current trust is influenced by prior trust and

current system performance and faults. The inclusion of the noise term

acknowledges the stochastic nature of trust dynamics. However, the model

assumes linear relationships between variables, which may not capture more

complex, non-linear trust dynamics.

Sadrfaridpour et al. (2016) extended this approach by incorporating human

physical and cognitive performance into the trust model. The trust at time k,

T(k), is given by:

T(k) = AT(k− 1) +B1PR(k) +B2PR(k− 1)

+C1PH(k) +C2PH(k− 1)

+D1F(k) +D2F(k− 1)

(2.8)

Here, PR(k) is the robot’s performance at time k, PH(k) is the human’s

performance at time k, and F(k) represents fault occurrences at time k. Coef-

ficients A, Bi, Ci, and Di are parameters estimated from data. This model

acknowledges that both human and robot performances, as well as faults,

influence trust over time, capturing the mutual adaptation in human-robot

teams.

Time-series models are valuable for modeling trust in scenarios where

interactions occur over extended periods, and trust dynamics are influenced

by past experiences. They can capture temporal patterns and inertia in trust

changes. However, they may assume linear relationships and require careful

parameter estimation, which can be challenging due to the complexity of

trust dynamics. Additionally, they may not fully capture non-linearities or

account for unobserved variables influencing trust.

2.4.5 MDP and POMDP-Based Models

MDP and POMDP models represent trust as a state within a decision-making

framework, allowing for optimization of robot policies that consider trust

dynamics. In POMDPs, trust is a partially observable state, acknowledging

that it cannot be directly measured but can be inferred from observations.

Mangalindan et al. (2023) developed a POMDP framework for trust-aware

assistance-seeking in human-supervised object collection tasks. They model
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trust as a binary hidden state (high TH or low TL), with state sk = (Tk,Ek,Ck),

where Tk represents the trust level, Ek represents the human’s experience

(reliable E+ or faulty E−), and Ck denotes task complexity (low CL or high

CH). The reward function is defined as:

Ra
o,E =







































+2, if (a,o,E) = (a−,o+,E+),

+1, if a = a+,

0, if (a,o) = (a−,o−),

−3, if (a,o,E) = (a−,o+,E−)

(2.9)

where a− represents autonomous operation, a+ represents asking for assist-

ance, o+ represents relying on the robot, o− represents human intervention.

Wu et al. (2017) developed a framework for trust-based task allocation in

manufacturing systems by modeling trust through parallel composition of

multiple MDPs. Their framework models trust as:

M = Mw|Mr|Mt|Mf (2.10)

where Mw represents the assembly plan with human and robot behaviors, Mr

is the robot performance MDP , Mt models human trust, and Mf represents

human fatigue. The human trust MDP is defined as Mt = St, st0,At, Tt, ct

where St is the set of trust levels, st0 is the initial trust level, At = Ar∪ repair is

the action set, Tt represents transition probabilities, and ct : St ×At → R
+ is

the cost function. The parallel composition captures the interactions between

trust, fatigue, and performance, where transition probabilities depend on

both actions and system states. The framework was validated on an industrial

assembly process.

Other approaches include the work of Chen et al. (2018), who developed a

trust-POMDP approach that integrates human trust into robot decision making

by modeling trust as a latent variable within a POMDP to enable trust-seeking

robot behaviors. Their model was validated in a table-clearing task where the

robot learned to modify its behaviors based on inferred human trust levels.

MDP and POMDP models are useful tools for modeling sequential decision

making under uncertainty. They are particularly useful when trust influences

the outcomes of interactions and when the robot can take actions to affect trust.

However, these models can be computationally intensive, especially with

large state and action spaces. Defining accurate transition and observation

models requires extensive data and may be challenging due to the partially

observable nature of trust.
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2.4.6 Gaussian-Based Models

Gaussian-based models provide a statistical framework for representing

trust as a continuous random variable, often utilizing Gaussian processes to

model trust dynamics. These models offer flexibility by incorporating both

the trust’s mean and its uncertainty, making them particularly suited for

capturing complex, non-linear relationships between influencing factors.

Soh et al. (2020) introduced a Gaussian process-based trust model where

trust Äat (x) is a latent function mapped from task features x to a value in [0, 1].

The model expresses trust as:

Äat (xk) =

∫

P(cak = 1|fa, xk)pk(f
a)dfa (2.11)

where fa(xk) represents a latent function, and pk(f
a) is the human’s be-

lief over fa at time step k, modeled as a Gaussian Process. P(cak = 1|fa, xk)

is the likelihood of successful robot performance given the latent function

and task features. The integral computes the expected probability of suc-

cess. A probit likelihood, combined with the GP prior, enables approximate

Bayesian inference, maintaining an approximately Gaussian posterior. This

approach was validated in physical and simulated experiments (Fetch robot

object manipulation and autonomous driving). Results showed GPs effect-

ively captured trust dynamics and task-specific adaptation. Gaussian-based

models capture non-linearities and provide uncertainty estimates, ideal for

high-dimensional, dynamic contexts. However, they can be computationally

intensive, require careful optimization, rely on Gaussian priors (which may

not always hold), and often focus on performance, overlooking contextual or

individual factors. Despite these limitations, their probabilistic framework

and adaptability make them valuable for trust modeling.

2.4.7 Dynamic Bayesian Network (DBN)-Based Models

DBNs offer a probabilistic graphical approach to model trust, incorporating

multiple interacting factors and their temporal influence. DBNs represent

the dependencies between trust and influencing factors over time, allowing

for the inference of trust states based on observed variables. The OPTIMo

model by Xu and Dudek (2015) is a prominent example. The model captures

how trust evolves based on prior trust and changes in robot performance,

incorporating uncertainty through the Gaussian distribution.
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Trust at time k, tk, is modeled as:

P(tk|tk−1,pk,pk−1) = N
(

tk; tk−1 +Étb +Étppk

+Étd(pk − pk−1),Ã
2
t

) (2.12)

In this equation, tk−1 is the trust at time k− 1, pk and pk−1 are the robot’s

performance at times k and k− 1, respectively. The parameters Étb, Étp, and

Étd are weights representing bias, the influence of current performance, and

the influence of performance change, respectively. The term Ã2
t is the variance

capturing uncertainty. The OPTIMo model also includes observations such as

human interventions and trust feedback, allowing the model to update trust

estimates based on observable actions.

In multi-robot settings, Fooladi Mahani et al. (2021) extended the DBN

framework by treating the trust in each robot as a discrete variable within

a latent, unobservable state. The trust state of robot r at time k depends

on its previous trust level and on the robot’s performance, with transition

probabilities parameterized by a categorical Boltzmann machine (CBM) - a

type of neural network suitable for modeling discrete distributions. Observa-

tions such as operator interventions and trust feedback are also incorporated,

enabling real-time inference of the human’s trust in multiple robots. Validated

in collaborative search-and-rescue tasks, this DBN approach demonstrated

high accuracy in predicting trust distributions across robot teams.

DBN-based models are effective in capturing the dynamic and uncertain

nature of trust, accounting for multiple factors and their temporal relation-

ships. They are particularly suitable for complex HRI scenarios where trust

is influenced by various interacting elements. However, DBNs can become

computationally complex as the number of variables grows. They require

substantial data for parameter estimation and may be sensitive to the choice

of initial conditions and network structure.

2.4.8 Machine Learning Models for Trust Estimation

Building on the trust modeling approaches discussed in previous sections,

recent advances in machine learning have enabled a shift from traditional

computational models to data-driven approaches that capture complex, non-

linear relationships between physiological signals and trust states. Deep

learning architectures in particular have demonstrated success in processing

multi-modal data streams including EDA, EEG, facial expressions, and kin-

ematic patterns for real-time trust estimation.
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Studies using ensemble methods for trust classification have shown prom-

ising results. Analysis of electrodermal activity using XGBoost achieved

68.99% accuracy and an AUC score of 0.73 in distinguishing between high

and low trust states during human-robot handover tasks Campagna, Chryso-

stomou and Rehm (2024b). Research on facial feature analysis employed a

CNN architecture with three convolutional layers (32, 48, 64 filters), achieving

78.61% accuracy for handover tasks Campagna, Chrysostomou and Rehm

(2024a). Motion-based trust assessment using CNN architectures applied

to Laban Movement Analysis features demonstrated even higher accuracy,

reaching 98% for transport tasks and 95% for draping tasks Rehm et al. (2024).

These data-driven machine learning approaches represent promising early

efforts in modeling trust, with the potential to uncover nuanced, non-linear re-

lationships between physiological signals and dynamic trust states. Tools like

Trusty (Chapter 6) and growing datasets are expanding the use of machine

learning to improve trust estimation and robotic interactions.

Future work will likely focus on end-to-end architectures capable of learn-

ing directly from raw multi-modal data. This thesis explores this direction by

leveraging continuous trust signals, multi-modal data fusion, and advanced

learning techniques, aiming to address diverse scenarios in real-world HRI.

2.5 real-time feedback for internal states

Capturing dynamic internal states such as trust in real time is a growing

area of interest in HRI research. While techniques for real-time feedback have

been applied in related domains, their use specifically for trust measurement

in robotics remains limited. Insights from fields like emotion recognition

provide a useful foundation for exploring these possibilities.

For example, a systematic literature review by Fuentes et al. (2017) iden-

tified a need for more research and interfaces focused on self-reporting

emotions. Tools such as the AffectButton (Broekens and Brinkman, 2009)

and digital sliders for emotional assessment (Betella and Verschure, 2016)

have demonstrated flexible and efficient ways to capture real-time feedback.

Similarly, linear potentiometers have been used in studies to signal real-time

pedestrian intentions and perceived safety (Walker, Dey, Martens, Pfleging,

Eggen and Terken, 2019). These applications illustrate the potential of real-

time feedback systems to provide valuable insights into dynamic states.
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2.6 transformers : technical foundations for sequence mod-

eling

Transformers (Vaswani et al., 2017) have become one of the most influential

advances in deep learning for sequence modeling. Unlike Recurrent Neural

Network (RNN) and Long Short-Term Memory (LSTM) architectures, Trans-

formers process input sequences in parallel and rely on attention mechanisms

to learn long-range dependencies. This design not only accelerates training

(by avoiding sequential recurrence) but also captures contextual relationships

in a more flexible manner. Transformers have demonstrated remarkable suc-

cess in domains such as natural language processing, computer vision (e.g.,

Vision Transformer (ViT) (Dosovitskiy et al., 2020) and TimeSformer (Bertasius

et al., 2021)).

For trust modeling in robotics - which often requires integrating multi-

modal, time-series data e.g., video frames, eye gaze, physiological signals -

Transformers can be particularly powerful. They excel at learning cross-modal

relationships and capturing temporal dependencies over long sequences. This

section details the the core technical elements of Transformers, including the

multi-head self-attention mechanism, the standard encoder-decoder structure,

and the design choices that make them relevant to real-time trust prediction.

2.6.1 Transformer Architecture

The original Transformer (Vaswani et al., 2017), as depicted in Figure 2.5,

follows an encoder-decoder paradigm. Many subsequent variants (e.g., BERT,

ViT, TimeSformer) use only the encoder for representation learning.

The encoder consists of N identical layers. Each layer contains a multi-

head self-attention sub-layer and a position-wise feedforward network (FFN).

Residual connections and layer normalization wrap around these sub-layers,

ensuring stable training. The encoder takes a sequence of tokens {x1, . . . , xm},

which are first embedded into vectors (possibly with positional encodings

added). The encoder outputs a sequence of hidden states {h1, . . . , hm}, where

each hi is a contextualized embedding of xi.

The decoder mirrors the encoder but includes a cross-attention sub-layer

in addition to self-attention and feedforward sub-layers. It takes the encoder

outputs as inputs, enabling it to attend to the encoder’s representations. In

language tasks, the decoder predicts output tokens autoregressively. For other

applications, such as multi-modal fusion or classification, the decoder can be

adapted or replaced with downstream heads.
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Figure 2.5: A schematic of the original Transformer (Vaswani et al., 2017), highlight-
ing multi-head self-attention, feedforward layers, and residual connec-
tions. The encoder stack processes input sequences in parallel, while the
decoder uses self-attention and cross-attention with encoder outputs.

2.6.2 Multi-Head Self-Attention

The self-attention mechanism allows the model to determine how each po-

sition in the sequence relates to every other position, capturing long-range

dependencies effectively. In scaled dot-product attention, queries (Q), keys

(K), and values (V) are learned projections of the input embeddings:

Q = XWQ, K = XWK, V = XWV , (2.13)

where X is a batch of input embeddings and WQ,WK,WV are learnable

projection matrices. The attention operation is given by:

Attention(Q, K, V) = softmax
(QK¦

√
dk

)

V, (2.14)

where dk is the dimensionality of K (often the hidden dimension divided by

the number of attention heads).
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Figure 2.6: (Left) Scaled dot-product attention, where Q, K, V are projected from
the input sequence. (Right) Multi-head attention repeats the attention
operation in parallel and concatenates the results.

Instead of using a single attention function, Transformers apply h parallel

attention heads, each with its own projection matrices:

headi = Attention
(

QW
(i)
Q , KW

(i)
K , VW

(i)
V

)

, (2.15)

for i = 1, . . . ,h. The outputs of these heads are concatenated and projected:

MultiHead(Q, K, V) =
[

head1∥ . . . ∥headh

]

WO. (2.16)

Figure 2.6 (left) depicts scaled dot-product attention, while (right) shows how

multiple heads combine.

2.6.3 Positional Encodings

Because Transformers do not process inputs sequentially like RNNs, posi-

tional encodings are added to token embeddings to inject information about

the ordering. The original Transformer used sine-cosine position encodings:

PE(pos, 2i) = sin
(

pos/104i/dmodel
)

,

PE(pos, 2i+ 1) = cos
(

pos/104i/dmodel
)

.
(2.17)

These sinusoidal encodings allow the model to extrapolate to sequence

lengths longer than those seen during training and provide position informa-

tion at different scales through their wavelengths. The relative positions of

any two tokens can be expressed as a linear function of their encodings, facilit-

ating the learning of position dependent features. For images and videos, 2D

or 3D positional embeddings can be used (Bertasius et al., 2021; Dosovitskiy

et al., 2020). These adaptations enable Transformers to process spatial and

temporal information while preserving structural relationships in the data.
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2.7 conclusion

In this chapter, we examined the multifaceted concept of trust in HRI by draw-

ing on literature from robotics, automation, machine learning, and psychology.

We defined trust in HRI as a dynamic, context-specific phenomenon that is

shaped by uncertainty, vulnerability, and individual factors. We then explored

trust formation by discussing how human-, robot-, and environment-related

elements collectively influence trust, with robot performance consistently

emerging as a key determinant. Building on these insights, we investigated

various methods for measuring trust, highlighting the complementary value

of subjective questionnaires alongside objective physiological and behavioral

metrics. We also reviewed computational models of trust — ranging from

qualitative frameworks to advanced machine learning techniques — which

underscored both the complexity of modeling trust and the importance of

considering real-time factors. Finally, we provided the technical foundations

on Transformer architectures that will serve as a key building block for the

deep learning approaches we develop in subsequent chapters.

Taken together, our findings underscore that trust in HRI is an interplay

of both personal and contextual elements. While we acknowledge that tradi-

tional questionnaires have proven valuable for understanding users’ percep-

tions, the dynamic nature of trust suggests that incorporating more continu-

ous and objective measures could be beneficial. We see the growing potential

of real-time feedback systems and modern deep learning architectures, par-

ticularly transformers, as promising directions for modeling trust in complex

scenarios.

To ground these theoretical insights in practice, the next chapter examines

how trust has been studied empirically in HRI research through a review of

689 studies. In doing so, we identify both the strengths of existing approaches

and opportunities for new methods, thereby providing more context for the

experimental work we develop in later chapters.



3
T R U S T I N H U M A N - R O B O T I N T E R A C T I O N : A R E V I E W

A N D A N A LY S I S O F E M P I R I C A L S T U D I E S

3.1 introduction

Building upon the theoretical foundations of trust in Chapter 2, in this

chapter, we examine how trust has been empirically studied in Human-Robot

Interaction (HRI). Our focus shifts from theory to a synthesis of 689 empirical

studies published between 2015 and 2024, each involving human participants

interacting with robots where trust was a key investigative focus1.

While the fundamental importance of trust in HRI is well-established, un-

derstanding how it manifests in practice remains challenging. Appropriately

calibrated trust enables effective use of robotic capabilities while acknow-

ledging their limitations. Miscalibrated trust can lead to underutilization or

overreliance, highlighting the need to understand the perceptual, behavioral,

and situational factors that influence trust in robotic systems Hancock et al.

(2011). While theoretical frameworks offer a foundation, empirical studies

are essential for validating these models in real-world contexts. Trust in HRI

is a dynamic, multidimensional construct that evolves through experience,

particularly in situations involving uncertainty de Vries et al. (2003); Hoff and

Bashir (2015). The following analysis examines these studies through three

key dimensions: experimental environment (media, simulation, real-world),

interaction level (passive, minimal, direct contact), and task type (social,

manipulation, navigation, game, supervision, evaluation). By looking at the

methods, tasks, and the role of robot performance, we highlight patterns and

opportunities in existing trust research approaches. This analysis not only

suggests the value of studying trust in complex environments, but also helps

shape our subsequent experimental design.

Our findings reveal that many current studies rely on simulation-based or

media-based designs - often involving passive or minimal interaction through

1 The dataset is available at: https://github.com/NicoLingg/trust-in-hri-review-data
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surveys and questionnaires - that allow for greater analytical precision and

larger participant pools. However, they may underrepresent the complexities

of real-world human-robot trust, particularly in scenarios requiring physical

interaction. One notable observation is the distinct discrepancy in sample

sizes across different interaction formats: media-based and simulation studies

often recruit hundreds of participants, while real-world, direct-contact set-

tings tend to have a significantly lower number of participants. This disparity

underscores how the logistical and ethical complexities of closer-proximity in-

teraction complicate collecting robust datasets. These insights help shape our

approach in subsequent chapters, from the design of real-world experiments

(Chapter 4) to the development of new measurement tools (Chapter 6).

3.2 methodology

3.2.1 Search Strategy and Selection

This review targeted empirical research on trust in HRI published between

January 2015 and December 2024. The initial literature search for this re-

view began in October 2020, with paper collection and analysis occurring

over the subsequent years. The literature search was conducted across the

Google Scholar, IEEE Xplore, and ACM Digital Library databases. We also

examined the citations of the initially identified papers to uncover addi-

tional relevant studies. We used broad and inclusive search terms (“trust,”

“trustworthiness,” “human-robot interaction,” “robot,”, “robotics”, “autonomous

systems,” “autonomous vehicles”), combined with Boolean operators (AND,

OR) to ensure comprehensive coverage of relevant work. For example, search

queries included combinations such as (“trust" AND "robot" AND "interac-

tion"), or (“trust" AND "robotics"). We refined our queries iteratively based

on the keywords that were more common in the initially collected literature

to ensure a thorough collection of empirical research on the topic.

We applied a two-stage screening process to the selected articles. In the

first stage, we automatically filtered articles by analyzing the frequency

of key terms (e.g., “participants,” “robot”) to assess whether they likely

described a user study involving robotics. In the second stage, we evaluated

the remaining articles in detail to confirm their eligibility based on our

inclusion and exclusion criteria, while also extracting relevant information for

further analysis. To help with the analysis of this large corpus, we used large

language models to chat with the papers individually, helping us understand

and standardize the extraction of relevant information, with categorizations

being manually verified.
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3.2.2 Inclusion and Exclusion Criteria

We considered journal or conference papers written in English and published

between January 2015 and December 2024. A key requirement was that

each study presented empirical research involving human participants. This

could be in the form of an experiment where participants interacted with

a physical robot, a high-fidelity simulation of a robotic system, or through

media such as videos or images depicting robot behavior. The central focus of

each study needed to be trust within the context of human-robot interaction.

This criterion was used to distinguish these works from research primarily

focused on artificial intelligence systems or general automation that lacked

a physical or simulated robotic embodiment. If a paper included multiple

distinct studies, we treated each study as an independent data point.

Studies that did not meet these criteria were excluded. For example, non-

empirical works, such as conceptual papers, tutorials, or theses, were not

included. Similarly, studies examining trust in artificial intelligence without

a clear link to robotics, including those focused on chatbots or purely con-

versational agents, were excluded, as were those on automation that did not

emphasize robotic systems. From an initial pool of over 1,000 articles (after

removing duplicates), 616 papers remained following the full-text review.

Several papers contained multiple experiments, resulting in a total of 689

distinct studies, each coded along multiple dimensions, summarized below.

3.2.3 Categorizing the HRI Trust Literature

To analyze the diverse approaches in HRI trust studies, we categorized the

literature along five dimensions: Environment, Interaction Intensity, Task,

Trust Factors, and Robot Autonomy Level. These dimensions help organize

the various ways researchers have studied trust in HRI, from the context of

interaction to the level of robot independence in decision-making.

3.2.3.1 Environment

Studies were grouped by how and where participants encountered the robot:

• Media: Studies where interaction with the robot is mediated through

screen-based or textual materials. This includes studies using pre-

recorded videos, static images, or text descriptions of robot behavior.

In these studies, participants do not interact with a physical robot or
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simulation in real-time, but rather observe or evaluate robot behavior

through media representations.

• Simulation: These studies utilize interactive virtual or augmented en-

vironments that allow real-time engagement with simulated robots.

This category includes both computer-based simulations where parti-

cipants can control or interact with virtual robots through interfaces,

and augmented reality setups where virtual robots are overlaid on the

physical environment. The key distinction from media-based studies is

that participants can actively influence the robot’s behavior in real-time.

• Real-world: Studies are conducted with physical robots in actual envir-

onments. These studies involve direct interaction between participants

and robots, whether through physical contact, verbal communication,

or spatial interaction. Real-world studies may take place in controlled

laboratory settings or naturalistic environments, but crucially involve a

physical robot presence rather than virtual or media representations.

3.2.3.2 Interaction Intensity

We classified the degree of engagement between human participants and the

robot into:

• Passive Observation: Participants only watch the robot (through media,

simulation, or live setting) without direct engagement. This includes

watching pre-recorded videos or live demonstrations, viewing static

images, or observing real-time robot operations from a distance. The

flow of information is unidirectional—from robot to human—with no

opportunity for the participant to influence or respond to the robot’s

actions. Common examples include watching videos of robots perform-

ing tasks, observing robots interacting with others, or evaluating robot

behavior through recorded scenarios.

• Minimal Interaction: Some interaction, often verbal or at a distance, but

without physical contact. This includes giving voice commands, provid-

ing instructions through an interface, or making decisions about robot

interventions. While participants can influence robot behavior, they

maintain physical distance and do not directly manipulate the robot.

Examples include using speech recognition to direct robot movement,

supervising robot task execution with the ability to interrupt operations,

interacting through gesture recognition systems, or providing real-time

feedback through computer interfaces.
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• Direct-Contact Interaction: Physical contact or close-proximity collab-

oration between the participant and robot. This ranges from simple

actions like pressing a robot-mounted button to complex collaborat-

ive tasks requiring coordinated movement. Examples include physical

human-robot handovers of objects, direct manipulation of robot limbs

for demonstration learning, shared workspace collaboration in assembly

tasks, physical guidance of robot movement, and interaction with as-

sistive robots such as robotic wheelchairs or walking aids.

3.2.3.3 Task

We recorded the primary task of the study. Tasks typically included:

• Social: Tasks focused on social interaction and communication between

humans and robots. This includes engaging in dialogue (e.g., conversa-

tional agents, question-answering), emotional expression (e.g., robots

displaying or responding to emotions), or social cues (e.g., gaze direc-

tion, gesture recognition). Examples include robots acting as coaches

providing feedback, companions for elderly care, teaching assistants in

educational settings, or social support agents. These tasks often evalu-

ate the robot’s ability to maintain appropriate social distance, interpret

human social signals, and provide contextually appropriate responses.

• Manipulation: Tasks involving physical interaction with objects, re-

quiring precise control and coordination. This encompasses object

assembly (e.g., collaborative furniture building, industrial assembly),

robot-human handovers (e.g., tool passing, package delivery), sorting

tasks (e.g., organizing items by category), and precision manipulation

(e.g., pouring liquids, handling delicate objects). These tasks often fo-

cus on the robot’s dexterity, timing, and ability to adapt to human

movements while maintaining safety protocols.

• Navigation: Tasks centered on robot movement through space, either in-

dependently or while interacting with humans. This includes autonom-

ous path-following (e.g., delivery robots in hospitals), guiding parti-

cipants through environments (e.g., museum tour guides, shopping

assistants), obstacle avoidance in dynamic environments, and collabor-

ative navigation where robots must coordinate their movement with

human partners. These tasks evaluate the robot’s spatial awareness,

path planning abilities, and capacity to navigate safely around humans.
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• Game: Structured activities involving defined rules and objectives, often

used to study trust development in controlled settings. This includes

economic trust games (e.g., investment games, prisoner’s dilemma), co-

operative games requiring teamwork (e.g., collaborative puzzle-solving,

team-based challenges), competitive games (e.g., board games, strategic

competitions), and educational games designed to study human-robot

interaction patterns. These tasks often incorporate elements of strategy,

decision-making, and social dynamics.

• Supervision: Tasks where participants take an overseer role in monitor-

ing robot operations. This includes system monitoring (e.g., observing

autonomous manufacturing processes), error detection and interven-

tion (e.g., identifying when robots make mistakes), performance evalu-

ation (e.g., assessing task completion quality), and safety supervision

(e.g., emergency stop decisions). These tasks often study how humans

maintain situation awareness and make intervention decisions when

overseeing autonomous systems.

• Evaluation: Tasks focused on human assessment of robot characteristics

or capabilities, typically through structured evaluation protocols. This

includes performance rating (e.g., assessing task completion efficiency),

appearance evaluation (e.g., rating robot design elements), behavior

assessment (e.g., judging appropriateness of robot actions), and trust

calibration studies (e.g., measuring perceived reliability). These tasks

often use standardized scales, surveys, or comparative ranking systems

to collect systematic feedback on robot attributes and capabilities.

3.2.3.4 Robot Autonomy Level

We classified each study based on the robot’s level of autonomy using six

standardized categories:

• Not autonomous: Studies where robot actions are simulated, hypothet-

ical, or purely descriptive without any real autonomy and no physical

robot present, do not involve physical robot systems. This includes

text-based descriptions of robots, survey responses about robots, or

scenarios where no actions are carried out by a robot.

• Pre-programmed (non-adaptive): The robot follows a fixed sequence

of pre-set actions or behaviors without any adaptation to the specific

situation or user. While the robot may respond to sensors, there is no

user influence on the robot’s behavior.
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• Wizard of Oz (directly controlled): Robot actions are directly controlled

by a human operator, either in real-time or through pre-scripted choices.

This includes scenarios where the operator controls the robot with or

without participants’ knowledge.

• Shared control (fixed rules): Robot operates independently but uses

fixed rules or pre-determined parameters to respond to the human

user. The coordination between robot and human is based on fixed

parameters set by designers.

• Shared control (adaptive): The robot operates independently and ad-

apts its behavior based on real-time interaction with the human, in-

cluding responses to explicit commands or implicit cues like gaze or

gestures.

• Fully autonomous: Robot operates without direct human assistance

and can navigate the environment and respond to tasks, but mostly

with limited adaptability to new or unexpected scenarios.

3.2.3.5 Trust Factors

Most studies intentionally manipulated at least one element hypothesized to

impact trust. We tracked five broad categories of manipulated trust factors:

• Performance: Adjusting success/failure rates, accuracy, or reliability

of the robot’s task performance. This includes manipulating task com-

pletion success rates (e.g., varying the percentage of successful object

grasps), timing accuracy (e.g., adjusting response delays or execution

speed), precision in movement or positioning (e.g., placement accuracy

in assembly tasks), and system reliability (e.g., frequency of technical

malfunctions). Researchers often systematically varied these paramet-

ers to understand how different levels of performance influence trust

development and maintenance. Performance manipulations typically

focused on objective, measurable aspects of robot capability rather than

subjective interpretations.

• Behavior: Changing the robot’s strategy, level of autonomy, or moral

decision-making without directly altering performance outcomes. This

encompasses variations in decision-making approaches (e.g., conservat-

ive vs. risk-taking strategies), autonomy levels (e.g., fully autonomous

vs. shared control), moral choices in dilemma situations (e.g., utilitarian

vs. deontological approaches), and behavioral adaptability (e.g., learn-
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ing from human preferences). These manipulations maintain consistent

task success rates while varying how the robot achieves its objectives.

• Communication: Manipulating verbal or non-verbal cues, including

emotional displays or social attitudes. This category includes variations

in verbal communication style (e.g., formal vs. casual language), explan-

ation provision (e.g., detailed vs. minimal task descriptions), emotional

expression (e.g., empathetic vs. neutral responses), non-verbal cues (e.g.,

gaze patterns, proxemic behavior), and social presence indicators (e.g.,

personality traits, social roles).

• Design: Modifying the robot’s appearance, user interface, or form

factor. This encompasses changes to physical appearance (e.g., anthro-

pomorphic vs. mechanical design), interface design elements (e.g., visu-

alization styles, control layouts), aesthetic features (e.g., color schemes,

material choices), and form factor variations (e.g., size, shape, pro-

portions). These manipulations investigate how visual and interactive

design elements influence trust and subsequent trust development,

particularly in first-encounter scenarios.

• Task: Adjusting the task structure while maintaining consistent robot

behavior and performance. This includes varying task complexity (e.g.,

simple vs. multi-step procedures), cognitive load requirements (e.g.,

attention demands, decision-making complexity), interaction dynamics

(e.g., cooperative vs. competitive settings), time pressure (e.g., strict

vs. relaxed deadlines), and environmental conditions (e.g., noise levels,

lighting conditions).

Additional examples of each category and their typical implementations,

along with representative papers from the literature, can be found in Table 3.1.

It is worth noting that these categories are not strictly bounded; in practice,

individual studies often span multiple domains or occupy gray areas, making

the classification somewhat subjective. Nonetheless, we adopt this framework

as a practical tool for organizing the diverse range of HRI trust research, while

acknowledging that some overlap or interpretation is inevitable.
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Table 3.1: Categories for analyzing HRI trust, including environment, interaction,
task, trust factors, and robot autonomy, with representative papers.

Environment

Media Interaction via text, images, or videos. Typically, participants

watch a short clip or read a scenario, then rate trust. Cam-

panozzi et al. (2019); Kraus et al. (2024); Lyons et al. (2021)

Simulation Virtual or augmented environments where participants observe

or control a simulated robot to complete tasks. Albayram et al.

(2020); Chi and Malle (2023); Esterwood and Robert (2023)

Real-world Physical presence of the robot in the same space as participants,

enabling real-time, embodied interactions. Campagna, Dad-

gostar, Chrysostomou and Rehm (2024); Goubard and Demiris

(2024); Hald et al. (2021)

Interaction Intensity

Passive observation Participants only watch the robot (live or recorded) with no

direct engagement or control. Ayoub et al. (2021); Romeo et al.

(2023); Wald et al. (2024)

Minimal interaction Some limited engagement (often verbal), such as providing

commands or decisions, but no physical contact. Guznov et al.

(2020); Hulcelle et al. (2021); Loizaga et al. (2024)

Direct-contact Physical collaboration or touch, for example pressing a robot

button, handing objects, or riding in a robotic platform. Hopko

et al. (2023); Lingg and Demiris (2024); Nikolaidis et al. (2017)

Task

Social Emphasis on communication or emotional exchange (e.g., con-

versation, social coaching, companionship). Giorgi et al. (2022);

Kraus et al. (2022); Shidujaman et al. (2020)

Manipulation Tasks involving physical handling of objects (e.g., assembling

items with the robot, passing objects). Cogurcu et al. (2023);

Elias and Trigo (2024); Hopko et al. (2024)

Navigation Robot motion or guidance tasks such as path-following or lead-

ing participants through a space. Dyck et al. (2023); Lingg and

Demiris (2023b); Seet et al. (2020)

Game Structured play or competition with the robot (e.g., cooperative

board games, trust-based economic games). García-Corretjer

et al. (2023); Mota et al. (2016); Pompe et al. (2022)

Supervision Participants oversee or monitor the robot’s actions, often de-

ciding whether to intervene. Luo et al. (2021); Okamura and

Yamada (2020); Palmer et al. (2020)

Continued on next page
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Table 3.1 – continued from previous page

Evaluation Participants mainly rate or assess the robot’s actions or attrib-

utes, typically via questionnaires or interviews. Chi et al. (2023);

Emaminejad et al. (2024); Malle and Ullman (2021)

Trust Factors

Performance Manipulating the robot’s reliability, accuracy, or success/failure

rates to influence perceived trust. Akash et al. (2018); Parron

et al. (2023); Zhang et al. (2024)

Behavior Altering strategy or autonomy in ways that do not directly

affect task performance outcomes. Abd et al. (2017); Bridgwater

et al. (2020); Khavas et al. (2021)

Communication Adjusting verbal or non-verbal cues, emotional displays, or

social attitudes to affect trust. Calvo-Barajas et al. (2020); Lee

et al. (2023); Leichtmann et al. (2024)

Design Changing the robot’s physical appearance or interface (e.g.,

humanoid vs. mechanical form factor). Adamik et al. (2021);

Bernotat et al. (2021); Song and Luximon (2024)

Task Modifying the task structure itself (e.g., level of complexity,

cooperative vs. competitive conditions). Akash et al. (2020);

Azevedo-Sa et al. (2021); Nenna et al. (2024)

Robot Autonomy

Not autonomous Robot actions are mostly hypothetical, or purely descriptive,

without real robot interaction. Aliasghari et al. (2023); Biermann

et al. (2020); Pinney et al. (2022)

Pre-programmed The robot follows a fixed sequence without adaptation. Calvo-

Barajas et al. (2020); Cucciniello et al. (2021); Zhang et al. (2024)

Wizard of Oz Robot actions are directly controlled by a human operator, who

makes all decisions about the robot’s behavior. Ahmad et al.

(2019); Graf et al. (2022); Miller et al. (2021)

Shared control (fixed) Robot operates independently with fixed rules in response to

the human. Alhaji et al. (2024); Chauhan et al. (2024); Menolotto

et al. (2024)

Shared control (adap.) The robot operates independently and adapts its behavior based

on real-time interaction. Che et al. (2020); Lagomarsino et al.

(2023); Sun et al. (2020)

Fully autonomous Robot operates without direct human assistance, and with full

or limited adaptability. Babel et al. (2022); Correia et al. (2018);

Lingg and Demiris (2023a)



3.3 results 66

3.3 results

In this section, we present findings from our examination of empirical studies

on trust in HRI. Our review revealed notable patterns across key methodo-

logical and experimental dimensions, including experimental context, robot

characteristics, interaction intensity, trust factor manipulations, and statistical

methods. We organize the findings below according to these dimensions,

with all data, figures, and tables reflecting the complete dataset.

3.3.1 Experimental Context and Setup

The distribution of studies across experimental environments shows a bal-

anced spread, with simulation-based research being the most common (n=271,

≈ 39%), followed by real-world experiments (n=221, ≈ 32%) and media-based

studies (n=197, ≈ 29%). As illustrated in Figure 3.1, sample sizes varied con-

siderably across these environments: media-based studies averaged 219 parti-

cipants, simulation-based studies averaged 70 participants, and real-world

studies had the lowest average with 41 participants.
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Figure 3.1: Distribution of mean participants and studies across three key dimen-
sions in HRI trust research. The left panel shows participant counts across
experimental environments (media, simulation, real-world). The middle
panel shows interaction intensity levels (passive observation, minimal
interaction, and direct-contact), revealing minimal interaction’s domin-
ance. The right panel shows the distribution across task types (Evaluation,
Game, Navigation, Social, Supervision, and Manipulation), showcasing
the diversity of research contexts.
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A similar pattern of decreasing participant numbers with increasing in-

teraction complexity emerged when considering interaction intensity. While

passive observation studies averaged 226 participants, minimal interaction

studies averaged 65 participants, and direct-contact studies averaged only

27 participants. The distribution of study counts was notably skewed, with

minimal interaction dominating the literature (n=434, ≈ 63%), followed by

passive observation (n=182, ≈ 26%), and direct-contact studies being the least

common (n=73, ≈ 11%).

Turning to the nature of the tasks, evaluation tasks remained the most

frequently studied (n=179) and featured the highest mean participant count

(212). Supervision tasks accounted for n=160 studies with an average of 65

participants each. Game-based studies, though fewer in total (n=90), showed

a higher mean participant count (81), suggesting that structured, rule-based

tasks are often conducted with relatively large sample sizes. Navigation,

social interaction, and manipulation tasks featured a moderate range of mean

participants (74, 69, and 42, respectively), with the number of studies being

n=73 for navigation, n=85 for social, and n=102 for manipulation.

Table 3.2 provides a more granular view of these patterns, revealing notable

interactions between task types and interaction intensity. Passive observation

studies showed particularly high participant numbers for evaluation (245),

game (380), and navigation (301) tasks while maintaining moderate numbers

Type Eval Game Nav Social Sup Manip

Mean Participants

Passive 245 380 301 127 128 98

Minimal 98 70 59 62 59 53

Direct — 24 27 33 — 26

Number of Studies

Passive 139 4 5 12 13 9

Minimal 40 80 64 66 147 37

Direct — 6 4 7 — 56

Table 3.2: Distribution of valid participants and study counts across high-level task
domains (Eval: Evaluation, Game: Games, Nav: Navigation, Social: Social
Interaction, Sup: Supervision, Manip: Manipulation). Passive interaction
studies have the highest participant counts, particularly in Evaluation,
Games and Navigation, whereas minimal interaction studies are more
frequent, notably in Games and Supervision. Direct interaction studies are
the least frequent and involve the fewest participants.
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(98–128) across the remaining tasks. Minimal interaction studies demonstrated

more consistent participant numbers across all task types (59–98), alongside

higher study counts in supervision (147). Direct-contact studies, while having

the lowest participant numbers (24–33), were more frequent in manipulation

tasks (56 studies), reflecting the necessity of physical interaction.

3.3.2 Robot Characteristics

Analysis of experimental robot autonomy levels highlights how varying de-

grees of autonomy are deployed in trust research. As shown in Figure 3.2,

pre-programmed (non-adaptive) robots were most prevalent (n≈258), fol-

lowed by shared control (fixed rules) (n≈179) and wizard of oz setups (n≈110).

The remaining categories - not autonomous (n=40), shared control (adaptive)

(n≈45), and fully autonomous (n≈39) - were less commonly employed. This

distribution underscores the continued reliance on partial or pre-programmed

autonomy and direct human control in HRI studies investigating trust.

Figure 3.3 further illustrates the distribution of specific robot platforms

used across studies, with the 15 most frequently adopted robots highlighted.

Humanoid platforms such as Nao (≈ 50 studies) and Pepper (≈ 40 stud-

ies) were especially popular in social interaction and evaluation contexts.

Industrial arms (e.g. UR10, Franka Emika Panda, Baxter) were more common

in manipulation tasks involving direct or minimal human-robot interaction.
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Figure 3.2: Distribution of robot autonomy levels across the analyzed HRI studies,
showing a prevalence of pre-programmed (non-adaptive) and shared
control (fixed rules) approaches, while wizard of oz, fully autonomous,
and adaptive systems are less frequently used.
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Figure 3.3: Frequency distribution of robot models used in HRI trust studies. The bar
chart presents the 15 most commonly used robot platforms, showing the
distribution of different robot types across the reviewed studies.

Many studies, especially those relying on surveys and questionnaires, de-

scribed robots in more general and nonspecific terms without specifying a

particular platform, while others employed unique, custom-built robots.

3.3.3 Trust Factor Manipulations

Analysis of trust factors across the studies suggests some interesting patterns

in both how frequently different factors were studied and their effectiveness

in influencing trust. Performance appeared most frequently in the literature

(approximately 250 studies) and showed particularly strong results, with

231 studies reporting significant effects and only 17 indicating no impact.

Communication was studied almost as often (around 248 studies) and proved

similarly influential, with 198 studies showing trust effects compared to 49

without impact. Studies examining behavior (187 total) revealed more varied

outcomes, with 138 showing positive impacts and 48 reporting no effects.

Task-oriented manipulations demonstrated moderate effectiveness, explored

in about 160 studies, with 79 reporting significant effects and 80 showing

no impact. Finally, design elements, studied least frequently (85 studies),

showed mixed results, with 58 reporting positive impacts and 28 indicating

no effects. As illustrated in Figure 3.4, these patterns suggest that while

multiple factors influence trust, performance and communication emerge as

particularly consistent contributors across the literature.

To explore the role of these factors in greater depth, we analyzed their

effectiveness across different research contexts using heat maps (Tables 3.3,
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Figure 3.4: Distribution of studies showing significant impact versus no impact on
trust across different factor categories. Performance and communication
factors show the highest proportion of significant effects, while design
factors show more mixed results.

3.4, and 3.5). These heat maps visualize the proportion of studies where

a particular factor successfully influenced trust, calculated as the ratio of

studies reporting significant trust impacts to the total number of studies

manipulating that factor. Values range from 0 to 1, where higher values

(closer to 1) indicate the factor reliably influenced trust in most studies, while

lower values (closer to 0) suggest it often failed to affect trust even when

explicitly manipulated. For example, a value of 0.90 means that 90% of studies

manipulating that factor found significant effects on trust, while a value of

0.30 indicates only 30% of studies found meaningful impacts.

Table 3.3 examines factor effectiveness across different experimental en-

vironments (media, real-world, and simulation). Performance demonstrates

remarkably consistent high effectiveness (0.86-0.91) across all environments,

establishing it as a robust driver of trust regardless of context. Communica-

tion shows strong but slightly more varied effects (0.75-0.82), with its highest

impact in simulation studies (0.82) and lowest in real-world settings (0.75).

Notably, task-related factors show a clear environmental dependency, with

substantially higher effectiveness in media-based studies (0.67) compared to

simulation (0.31) or real-world settings (0.34).

When analyzing interaction intensity (Table 3.4), we find interesting vari-

ations in factor effectiveness. While performance maintains high impact across

all interaction levels (0.83-0.91), behavior is notably more influential in direct-

contact scenarios (0.79) compared to passive observation (0.55). Conversely,

design factors show stronger effects in passive observation settings (0.75) than
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Table 3.3: Distribution showing the relationship between trust factors and experi-
mental environments (media, real-world, simulation). Darker colors in-
dicate stronger relationships. Performance factors show consistently high
influence across all environments, while task-related factors show greater
variability.

Environment Performance Behavior Communication Design Task

Media 0.91 0.58 0.80 0.68 0.67

Real-world 0.86 0.70 0.75 0.70 0.34

Simulation 0.91 0.71 0.82 0.55 0.31

Table 3.4: Distribution displaying the relationship between trust factors and inter-
action intensity levels. Performance and communication factors maintain
high influence across all interaction types, while behavioral factors show
more variation.

Factor Performance Behavior Communication Design Task

Direct 0.83 0.79 0.64 0.71 0.24

Minimal 0.91 0.69 0.81 0.58 0.33

Passive 0.90 0.55 0.78 0.75 0.69

Table 3.5: Distribution illustrating the relationship between trust factors and high-
level task types. The data reveals task-specific patterns in how different
factors influence trust, with evaluation tasks showing the most consistent
high-value relationships across factors.

Factor Performance Behavior Communication Design Task

Evaluation 0.94 0.50 0.79 0.73 0.53

Game 0.94 0.81 0.74 0.55 0.46

Manipulation 0.86 0.72 0.76 0.67 0.39

Navigation 0.91 0.77 0.75 0.64 0.21

Social 0.92 0.70 0.81 0.50 0.28

Supervision 0.86 0.65 0.84 0.57 0.33
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minimal interaction contexts (0.58), suggesting visual design elements are

more influential when participants aren’t actively engaging with the robot.

The task-specific analysis (Table 3.5) reveals nuanced patterns across dif-

ferent contexts. Performance consistently shows the highest effectiveness

(0.86-0.94) across all tasks, but is particularly strong in evaluation (0.94) and

game-based scenarios (0.94). Communication demonstrates notably high ef-

fectiveness in supervision tasks (0.84), possibly reflecting the importance of

clear information exchange in oversight situations. Interestingly, task-related

manipulations show relatively low effectiveness across most categories (0.21-

0.53), with their strongest impact appearing in evaluation contexts (0.53).

3.3.4 Statistical Analysis Methods

An analysis of the statistical approaches used across these studies highlights

clear methodological patterns. As depicted in Figure 3.5, Analysis of Vari-

ance (ANOVA) remained the most common, appearing in about 300 studies,

followed by t-tests (≈ 200 studies) and Pearson correlation (≈ 90 studies).

These three methods collectively represent the core of statistical analyzes in

contemporary HRI trust research. In addition to these dominant methods,

non-parametric techniques such as Mann-Whitney U and Chi-squared tests

were each used in multiple studies, contributing to the diversity of analyt-

ical approaches. Less common but still noteworthy methods (e.g., Bayesian

inference, structural equation modeling, and various machine learning-based

analyzes) each appeared in a small subset of papers (< 10% overall).
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3.4 discussion

This review of empirical studies on trust in HRI reflects the field’s ongoing

challenge in balancing rigorous experimental control with the authenticity of

real-world contexts. Many current approaches rely on simulation-based or

media-based designs, often involving passive or minimal interaction through

surveys and questionnaires, which allow for greater analytical precision and

larger participant pools. However, they may underrepresent the complexities

of real-world human-robot trust, particularly in scenarios requiring physical

or prolonged interactions. One notable observation is the distinct discrep-

ancy in sample sizes across different interaction formats: media-based and

simulation studies often recruit hundreds of participants, while real-world,

direct-contact settings tend to have a significantly lower number of parti-

cipants. This disparity underscores how the logistical and ethical complexities

of closer-proximity interaction complicate collecting robust datasets, poten-

tially imbalancing our empirical understanding of how trust evolves during

more immersive and demanding tasks.

It’s also noticeable that researchers tend to use certain common robot

platforms for social interaction studies, with platforms like Nao or Pepper

being frequently selected. This preference can often be attributed to their

availability and relative ease of programming for social tasks, which in turn

helps provide consistency across experiments. However, a focus on these

specific robots can have a downside, as they are often limited in their cap-

abilities beyond social applications. This can hinder the exploration of more

advanced robotics required for real-world HRI scenarios like navigation and

manipulation. Furthermore, as our analysis across different task types reveals

(Section 3.3, Table 3.5), the factors influencing trust appear distinct depend-

ing on the interaction’s nature. For instance, the elements shaping trust in

a primarily social context likely differ from those in a collaborative, task-

focused scenario like manipulation or navigation.This suggests that studies

where people just watch a robot or interact with it briefly are likely to miss

out on how trust really builds over time, when people use robots for longer

periods. Our analysis demonstrate that while features like communication

style and design influence trust in the interaction, their impact is ultimately

dependent on the robot’s basic ability to demonstrate reliable performance.

In situations where performance is inadequate, any positive influence from

communication or design is quickly undermined by user frustration or safety

concerns.
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Crucially, our analysis demonstrates a robust and consistent pattern: robot

performance is the most consistently influential factor in building trust across

diverse environments, interaction styles, and tasks. This finding aligns with

previous meta-analyses, such as that by Hancock et al. (2011), reinforcing the

idea that the foundation of trust in HRI is significantly rooted in demonstrated

competence and reliability, not merely perceived social cues or likeability.

The engineering challenges associated with achieving robust, reliable robot

performance in a multitude of tasks, therefore, represent an area where

progress could greatly further the field of trust in robotics.

Overall, the current landscape suggests that while controlled, isolated

studies remain valuable, there is a growing need to examine trust in more

multifaceted scenarios, such as navigation and manipulation tasks where

robots can operate with greater autonomy. Expanding research in these

directions may help address the “realism gap” by better reflecting the nuanced

ways users form, maintain, and lose trust as they engage more deeply with

robots in everyday conditions.

3.5 conclusion

This review of empirical studies highlights key findings in trust research for

HRI, with robot performance consistently identified as the strongest factor

shaping trust. While controlled studies have provided valuable insights, their

reliance on simulation-based and passive methods underscores the need for

research in real-world, autonomous settings where trust develops through

actual HRIs.

The next chapters build on these observations to address these gaps.

Chapter 4 introduces our experimental platform and methodology, featuring

an autonomous wheelchair system operating in an office-like environment.

Chapter 5 then investigates how robot performance affects trust in these

scenarios. Chapter 6 presents Trusty, a handheld device designed for continu-

ously measuring trust during physical interaction. Chapter 7 follows with

a multi-modal transformer framework for real-time trust prediction using

diverse data streams. Finally, Chapter 8 showcases AMIGA, a custom-built

mobile manipulation platform, and introduces a trust-conditioned imitation

learning approach (Trust-ACT).



4
W H E E L C H A I R E X P E R I M E N TAT I O N S E T U P : P L AT F O R M

A N D M E T H O D O L O G Y

Building on the insights we discussed in Chapter 3, which highlighted the

need for more real-world studies of trust in Human-Robot Interaction (HRI),

we now present the experimental portion of this thesis (see Figure 1.2). In this

chapter, we introduce the autonomous wheelchair platform and methodology

that form the foundation for the subsequent chapters. We outline a detailed

experimental approach that integrates traditional questionnaire-based assess-

ments with continuous trust measurements and multi-modal sensor data.

This methodology allows us to address some of the limitations of passive

or simulation-based studies discussed in our review, providing a valuable

dataset that supports the trust measurement, modeling, and prediction work

we present later in this thesis.

4.1 overview of the experimental approach

Our experimental framework centers on three key elements identified as

critical for trust research: systematic manipulation of robot performance,

continuous trust measurement, and comprehensive data collection across

multiple modalities. Our platform combines an autonomous wheelchair

navigating through an office environment with an array of measurement

tools, including eye-tracking, physiological sensors, and the custom-designed

Trusty device for continuous trust measurements. This setup enables us to

examine trust formation during human-robot interactions, with participants

actively navigating alongside the robot and engaging with its behaviors rather

than relying solely on remote observation or control. While this dynamic

interaction better reflects real-world assistive robotics applications, it also

presents unique challenges for data collection and analysis — challenges we

address through integrated sensor systems and synchronized data streams.

75
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4.2 autonomous wheelchair platform

4.2.1 Hardware Components

The experimental platform is based on the ARTA smart wheelchair platform

(Carlson and Demiris, 2012), an electric-powered wheelchair enhanced with

additional sensors and computational capabilities to operate autonomously.

The key hardware components included a control interface, sensors, and a

computing unit.

An Arduino Uno microcontroller served as the control interface between

the wheelchair’s joystick and a laptop, allowing interception and injection of

joystick inputs. This setup enabled seamless switching between manual and

autonomous modes, providing participants with the option to intervene if

necessary.

The wheelchair is equipped with several sensors to facilitate autonomous

navigation and data collection. Two front-mounted Hokuyo URG-04LX-UG01

scanning laser rangefinders provided two-dimensional range data for obstacle

detection, while a rear SICK LMS200 laser rangefinder monitored obstacles

behind the wheelchair. A Phidgets spatial 3/3/3 Inertial Measurement Unit

(IMU) provided orientation and acceleration data essential for localization

and navigation tasks.

The computing unit, a laptop running Robot Operating System (ROS),

handled sensor processing, navigation algorithms, and device communication.

ROS was chosen for its modularity and scalability, enabling integration of

software components for autonomous operation.

4.2.2 Software Architecture

The wheelchair’s software architecture was built upon ROS, leveraging its

capabilities for modular integration and communication between different

components. The ROS navigation stack facilitated real-time path planning and

obstacle avoidance, utilizing both global and local planners to generate safe

and efficient trajectories.

Localization: We employed Adaptive Monte Carlo Localization (AMCL)

for estimating the wheelchair’s pose within a pre-mapped environment,

effectively handling uncertainties in sensor data and robot motion (Fox et al.,

1999). The AMCL algorithm uses a particle filter to represent the robot’s belief

about its position, updating this belief based on sensor observations and

motion models.
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Figure 4.1: High-level architecture of the autonomous wheelchair system, showing
sensor inputs, control interfaces, and data collection modules.

Path Planning: For local trajectory optimization, we utilized the Timed

Elastic Band (TEB) local planner (Roesmann et al., 2012, 2017). The TEB planner

generates feasible trajectories that consider dynamic constraints and obstacles,

optimizing the path with respect to time and safety. By adjusting parameters

within the TEB planner, we created different navigation behaviors to study

their impact on trust, as detailed in Section 4.3.

All devices and sensors were synchronized using a private Network Time

Protocol server, ensuring consistent timestamps across data streams.

4.3 performance modulation

To investigate the effect of the robot’s performance on user trust, we de-

veloped two distinct profiles: good and bad performance. In the good condition,

the wheelchair navigated smoothly and efficiently, closely following planned

paths. In contrast, the bad condition featured erratic behavior, including

abrupt stops and swerves, while maintaining safety by avoiding collisions. 1

1 A video demonstration comparing the wheelchair’s navigation behavior for both performance
profiles during the first checkpoint segment can be viewed at: https://youtu.be/kGKKXGT33QU
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4.3.1 Parameter Tuning

Specific parameters in the TEB local planner were adjusted to achieve these

performance profiles. The weight_obstacle parameter, which influences the

robot’s behavior when near obstacles, was tuned to alter the robot’s re-

sponsiveness to nearby objects. Velocity limits (max_vel_x for linear speed

and max_vel_theta for angular speed) were modified to control the wheel-

chair’s movement speeds. The min_obstacle_dist parameter set the min-

imum allowed distance to obstacles, affecting how cautiously the robot navig-

ated around objects. Additionally, the global_plan_viapoint_sep parameter,

which affects how closely the robot follows the global plan, was adjusted to

induce deviations from the optimal path in the bad performance condition.

We empirically determined these parameters through iterative testing and

fixed them for all participants to ensure consistency across trials. By system-

atically manipulating these parameters, we created controlled variations in

the robot’s performance, enabling us to study their impact on user trust.

Robot Positions
Dist < 0.8m

0 2000 4000 6000 8000
Time Step

0.5

1.0

1.5

Di
st

an
ce

 (m
)

Distance to Nearest Obstacle Over Time
Threshold: 0.8m

0 2000 4000 6000 8000
Time Step

0.0

0.2

0.4

0.6

0.8

Ve
lo

cit
y 

(m
/s

)

Robot Velocity Over Time

(a) Good Performance

Robot Positions
Dist < 0.8m

0 2000 4000 6000 8000 10000 12000 14000
Time Step

0.5

1.0

1.5

Di
st

an
ce

 (m
)

Distance to Nearest Obstacle Over Time
Threshold: 0.8m

0 2000 4000 6000 8000 10000 12000 14000
Time Step

0.0

0.2

0.4

0.6

Ve
lo

cit
y 

(m
/s

)

Robot Velocity Over Time

(b) Bad Performance

Figure 4.2: Wheelchair performance comparison: (a) Good performance – smoother
velocity, consistent obstacle distance. (b) Bad performance – erratic velo-
city, fluctuating obstacle distance.
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4.3.2 Performance Validation

We validated the performance profiles by analyzing velocity smoothness and

obstacle distance consistency. Figure 4.2 compares the wheelchair’s behavior

under the two profiles. In the good performance condition, the wheelchair

maintained a smooth velocity profile and consistent distances to obstacles.

In the bad performance condition, the wheelchair exhibited fluctuations in

velocity and varying distances to obstacles, reflecting less predictable and

less comfortable navigation behavior.

4.4 trusty : continuous trust measurement device

The Trusty device, illustrated in Fig. 4.3, was developed to capture real-time

trust fluctuations. This handheld controller is based on a modified slot-car

controller and includes a 10kΩ linear slide potentiometer connected to an

Arduino Nano microcontroller. The Arduino reads analog signals from the

potentiometer and publishes them to ROS using the rosserial package.

Participants adjusted the slider to reflect their trust level, ranging from

low to high, without requiring visual attention to the device. This design

minimized interference with participants’ natural interaction with the robot

and allowed continuous trust measurement throughout the experiment.

(a) Device design (b) Usage during experiment

Figure 4.3: The Trusty device: (a) A modified slot-car controller repurposed for trust
measurement. (b) Example usage - pressing down indicates higher trust,
allowing continuous feedback during navigation without visual attention.
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Before the main experiment, participants completed a brief training session

with Trusty to familiarize themselves with its operation. They practiced

adjusting the slider, ensuring they understood how to indicate their trust

levels continuously.

At each checkpoint, we compared participants’ Trusty measurements with

their verbal trust ratings to validate the device’s effectiveness. This dual meas-

urement approach provided a basis for analyzing the relationship between

discrete and continuous trust measurements, which we explore in detail in

Chapter 6.

4.5 measures

To assess trust within our experimental framework, we integrated both sub-

jective assessments and objective measurements. This approach allowed us

to capture not only participants’ self-reported trust levels but also their

physiological responses throughout the interaction.

4.5.1 Subjective Measures

Participants completed established trust questionnaires before and after the

experiment to assess their initial trust levels and any changes resulting from

the interaction. The questionnaires included the Trust in Automated Systems

Test (TOAST) (Wojton et al., 2020), Trust in Automation (TiA) (Körber, 2019),

and the Trust Perception Scale (TPS) (Schaefer, 2016). These instruments are

widely used in HRI research and assess various dimensions of trust, including

reliability, predictability, and perceived understanding of the robot.

At predefined checkpoints during the navigation task, participants also

provided verbal trust ratings on a scale from 1 to 7. These ratings offered

immediate insights into participants’ trust levels at specific moments during

the interaction. Trust levels were also continuously recorded throughout the

experiment using the Trusty device, described in Section 4.4. The continuous

trust measurement allowed us to capture fluctuations in trust in response to

the robot’s behavior in real-time.

4.5.2 Objective Measures

Physiological data were collected to examine participants’ physiological

responses to the robot’s behavior. Heart Rate (HR) was measured at 1 Hz
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Table 4.1: Overview of multi-modal data collection streams in the wheelchair trust
study, including sampling rates, data types, and their characteristics.

Sensor/Device Sampling
Rate

Data Type Purpose/Usage

HR 1 Hz Continuous physiolo-
gical data

Assess physiological changes
associated with robot actions

EDA 60 Hz Continuous physiolo-
gical data

Assess stress and emotional
arousal levels

Eye Gaze 250 Hz 2D gaze coordinates Examine attention patterns and
focus areas

Head Pose 200 Hz 3D orientation angles Analyze head movement and
alignment with robot actions

Egocentric
Video

60 Hz Sequential image
frames

Provide visual context for navig-
ation events

Trusty Device 60 Hz Continuous trust levels Capture real-time fluctuations
in trust

Verbal Ratings At check-
points

Discrete ratings (1–7

scale)
Validate continuous trust meas-
ures at specific points

Wheelchair Tele-
metry

60 Hz Position, orientation,
velocity, acceleration

Monitor robot navigation dy-
namics and state

Trust Question-
naires

Pre/Post Categorical survey
responses

Establish baseline and final trust
levels

using a Polar Verity Sense device, providing data on cardiovascular responses.

Electrodermal Activity (EDA) was measured at 60 Hz using a BITalino device

(Da Silva et al., 2014), offering insights into sympathetic nervous system

activity associated with stress and arousal. All data streams were time-

stamped and synchronized via ROS, ensuring accurate alignment of events

across different modalities for subsequent analysis. Table 4.1 provides an

overview of all data collection streams, sampling rates, formats, and purposes.

Eye-tracking data were collected using Pupil Labs eye-tracking glasses

(Tonsen et al., 2020), capturing gaze direction at 250 Hz, blink and fixation

events, and head pose data (roll, pitch, yaw) at 200 Hz. This data provided

information on where participants directed their attention and how they

physically responded to the robot’s movements.

Wheelchair telemetry data were recorded, including joystick inputs to

monitor manual control interventions, position and orientation data from

the localization algorithms, velocity and acceleration data for movement

dynamics, and distances to obstacles measured using LIDAR sensors.

All data streams were time-stamped and synchronized via ROS, ensuring

alignment of events across different modalities for subsequent analysis.
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4.6 experimental procedure

4.6.1 Environment Setup

We conducted the experiments in an unstructured office environment fea-

turing typical obstacles such as desks, chairs, and narrow passages. We

specifically chose the environment to include various navigation challenges,

including open spaces, corridors of different widths, and doorways. Figure

4.4 shows both the environment map with planned trajectories and corres-

ponding real-world views at each checkpoint. 2

The navigation course consisted of five segments between checkpoints

(Start → A → B → C → D → End), each presenting different challenges. For

example, the initial segment required navigation through an open office space

with furniture, while later segments involved traversing corridors of varying

widths and negotiating doorways. This variety of scenarios was essential for

studying trust development across different navigation contexts.

(a) Navigation trajectory map

³ ³ ³ ³ ³

(b) Real environment views at each checkpoint

Figure 4.4: The experimental environment: (a) Map showing five navigation seg-
ments with the wheelchair’s planned trajectories (green) overlaid on the
occupancy grid map. (b) Real-world views showing the approach (top)
and arrival (bottom) at each checkpoint. The course progresses through
distinct areas including open spaces, corridors, and doorways, represent-
ing common navigation challenges in assistive robotics applications.

2 A video demonstration of the autonomous wheelchair system navigating through this envir-
onment can be viewed at: https://youtu.be/b6Q6ef0KtnU
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Figure 4.5: Diagram of the experiment protocol detailing participant interaction with
the autonomous wheelchair. Steps include task introduction, optional
wheelchair test drive, and trust measurement before and after the experi-
ment. Two robot performance conditions are tested as in-between study.
Duration: 30-45 minutes.

4.6.2 Experimental Steps

We designed the experimental procedure to provide a consistent experience

for all participants while capturing the necessary data for analysis. A high-

level overview of the procedure is illustrated in Fig. 4.5. The steps were as

follows:

1. Informed Consent and Introduction: Participants provided written

consent and were briefed on the study objectives and procedures. They

were informed that the purpose was to investigate interactions with an

autonomous wheelchair, without revealing the specific focus on trust.

2. Pre-Experiment Questionnaires: Participants completed the trust ques-

tionnaires to assess their initial trust levels. This baseline measurement

was essential for evaluating changes resulting from the interaction.

3. Introduction to the Wheelchair and Trusty: Participants received in-

structions on operating the wheelchair and using the Trusty device.

They were informed that they could take manual control at any time,

but that the wheelchair would move 60% slower in manual mode,

encouraging reliance on autonomous navigation.

4. Familiarization: Participants were offered an optional test drive to

familiarize themselves with manual control of the wheelchair and to

become comfortable with the Trusty device.



4.7 participants 84

5. Sensor Setup: Participants were fitted with physiological sensors and

eye-tracking glasses. Care was taken to ensure that the equipment was

comfortable and did not hinder movement.

6. Performance Profile Assignment: Using a between-subjects design,

a performance profile (good or bad) was randomly assigned to the

wheelchair, unknown to the participants.

7. Navigation Task:

a) Participants navigated the wheelchair to five predefined check-

points autonomously. The route included various challenges such

as narrow passages and turns.

b) At each checkpoint, participants provided verbal trust ratings on a

scale from 1 to 7.

c) Participants could switch to manual control at any time, though

the speed reduction served as a deterrent.

d) The Trusty device continuously recorded trust levels throughout

the task.

8. Post-Experiment Questionnaires: Upon completion of the navigation

task, participants filled out the trust questionnaires again to assess any

changes in their trust levels.

9. Debriefing: Participants were informed about the purpose of the study

and the performance manipulations used. They were given the oppor-

tunity to ask questions and provide feedback on their experience.

The entire experiment, including setup, navigation task, and questionnaires,

lasted approximately 45 minutes per participant.

4.7 participants

A total of 34 participants (17 female, 16 male, 1 undisclosed), aged between

22 and 45 years (mean age: 27.6 years), were recruited from the university

community. Participants were nearly equally split between those with prior

robotics experience (47%) and those without (53%), as determined by their

history of programming or building robots. This balance was intended to

mitigate potential biases in trust perception, as prior familiarity with robots

can influence initial trust levels.



4.8 ethical considerations 85

4.8 ethical considerations

This study was conducted in accordance with ethical guidelines for research

involving human participants. All participants provided written informed

consent prior to participation, ensuring they understood the study objectives,

procedures, and their right to withdraw at any time without penalty.

The study received ethical approval from the Imperial College Science,

Engineering and Technology Research Ethics Committee (SETREC). Parti-

cipants were debriefed at the end of the study, during which the purpose

and methodology, including performance manipulations, were explained in

full. This ethical framework ensured that the research upheld the principles

of respect, transparency, and participant well-being.

4.9 conclusion

In this chapter, we introduced our autonomous wheelchair platform and

the methodology that forms the basis of the experimental work presented

in the first part of this thesis (see Chapters 5–7). Our platform combines

multiple data collection methods, including traditional questionnaires, verbal

trust ratings, and continuous feedback from the custom Trusty device, with

physiological sensors and eye-tracking. By systematically varying the robot’s

performance and gathering rich, multi-modal data in a realistic, unstructured

environment, we have built a robust framework for exploring trust in HRI.

The dataset generated through this approach will support several key

analyses in the following chapters: examining how performance influences

trust development (Chapter 5), validating the Trusty device as an effective

continuous trust measurement tool (Chapter 6), and developing predictive

models using multi-modal transformer architectures (Chapter 7).



5
B U I L D I N G T R U S T I N A S S I S T I V E R O B O T I C S : I N S I G H T S

F R O M A R E A L - W O R L D M O B I L E N AV I G AT I O N

E X P E R I M E N T

5.1 introduction

The interplay between robot performance and user trust remains a central

question within Human-Robot Interaction (HRI) research, especially in the

domain of assistive robotics. In these settings, individuals rely on robots for

essential tasks such as mobility or everyday support, making the development

of trust both critical and difficult to assess. This chapter draws on findings

from our published work, Building Trust in Assistive Robotics: Insights From a

Real-World Mobile Navigation Experiment, to investigate how direct experience

with an autonomous system affects user trust across multiple dimensions.

Building on the experimental methods introduced in Chapter 4, we con-

ducted a study with participants who experienced either “good” or “bad”

robot performance conditions during a navigation task. We then used valid-

ated trust questionnaires—administered before and after the interaction—to

examine how these contrasting levels of performance, coupled with hands-on

exposure to the robot, influence key facets of trust.

Our results reveal two primary findings. First, the quality of robot per-

formance strongly influences participants’ trust-related perceptions and atti-

tudes: reliable performance enhances confidence and acceptance, while poor

performance undermines them. Second, direct interaction with the robot

significantly improves users’ understanding of its capabilities, regardless of

performance quality, highlighting the importance of hands-on engagement

in building trust. These insights demonstrate that successful human-robot

interaction depends on both reliable robot performance and opportunities

for direct user experience, providing practical guidance for developing more

effective assistive robotic systems while laying the groundwork for advanced

approaches we explore in the following chapters.
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5.2 research questions and hypotheses

Previous research indicates that trust often emerges from direct experience

(Lee and See, 2004; Muir, 1994). In the context of assistive robotics, this

prompts two central questions: how does the quality of robot performance

influence trust, and does hands-on engagement shape how users perceive

and understand a robot’s capabilities? To explore these questions, we tested

the following five hypotheses:

• H1: Participants’ perception of the robot’s behavior will improve while

interacting with a good-performing robot but deteriorate while interact-

ing with a bad-performing wheelchair.

• H2: Participants’ understanding of the robot will improve regardless of

the robot’s performance during the interaction.

• H3: Participants’ attitudes towards the robot will improve if they interact

with a good-performing robot and decrease if they interact with a bad-

performing robot.

• H4: Participants’ attitudes towards the developer will improve if they

interact with a good-performing robot and decrease if they interact

with a bad-performing robot.

• H5: Participants’ sense of familiarity with robotic systems will not be

affected by the interaction with the robot, regardless of the robot’s

performance.

These hypotheses examine how performance quality (H1, H3, H4) and

interaction itself (H2, H5) influence different aspects of trust. Hypothesis H4

specifically probes whether users attribute the robot’s performance success

or failure to its developers, rather than the robot itself.

5.3 methods

5.3.1 Experimental Design

As detailed in Chapter 4, we employed a between-subjects design where

participants interacted with an autonomous wheelchair under either good or

bad performance conditions. The experimental task involved package deliv-

ery to predetermined locations within an unstructured office environment,

illustrated in Figure 4.4.
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5.3.2 Trust Measurement Framework

This chapter focuses on the analysis of three validated trust questionnaires:

the Trust in Automated Systems Test (TOAST) (Wojton et al., 2020), Trust in

Automation (TiA) (Körber, 2019), and Trust Perception Scale (TPS) (Schaefer,

2016). Participants completed these questionnaires before and after interact-

ing with the wheelchair. While additional data including continuous trust

measurements and physiological signals were also collected, those will be

explored in Chapters 6 and 7.

5.4 effects of robot performance on trust

Our analysis shows that exposure to an autonomous wheelchair influences

trust-related factors. Direct interaction improved participants’ understanding

of the robot and, for those encountering good performance, enhanced their

perceptions of and attitudes toward the robot. Meanwhile, bad perform-

ance conditions negatively impacted perceptions and attitudes related to the

robot’s behavior. These findings establish that trust is sensitive to perform-

ance quality, consistent with the broader conceptual framework of trust in

automation discussed in the thesis background.

5.4.1 Data Preparation

We categorized the trust questionnaire sub-scales into five themes correspond-

ing to our hypotheses: the robot’s behavior (i.e., the different performance

profiles presented in the previous chapter), participants’ understanding of

the robot, participants’ attitudes towards the robot, participants’ attitudes

towards the developer, and participants’ familiarity with the robot. The

groupings are displayed in Table 5.1. Following established procedures, we

normalized scores on a 0–1 scale for each participant and sub-scale.

Table 5.1: Sub-scales of trust questionnaires categorized into five groups in the study.

TiA TOAST TPS

Predictability 1

2

3

4

5

Performance 1

2

3

4

5

Understanding 2

3

4

5

Reliability/Competence 1

2

3

4

5

Understanding 2

3

4

5

Trust in the System 3

4

5

Propensity to Trust 3

4

5

Developer 4

5Familiarity 5

1

2

3

4

5

Robot’s behavior 3

4

5

Attitude towards the robot 5 Familiarity

2

3

4

5

Understanding of the robot 4

5

Attitude towards the developer
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5.4.2 Data Analysis

Broadly speaking, testing our hypotheses involved asking two questions for

each trust factor:

1. How do trust scores change after the interaction?

2. Does this change depend on the performance of the robot during the

interaction?

We addressed the first question by conducting a paired samples t-test to com-

pare the sub-scales scores taken before and after the interaction, as outlined in

Table 5.2. We found a significant improvement in scores related to the robot’s

behavior, participants’ understanding of the robot, and their attitude towards

the robot. This finding was supported by the visual representation of the data

in Figure 5.1. However, there was no significant difference in the distributions

of scores related to the attitude towards the developer and familiarity before

and after the interaction. To address the second research question, we ana-

lyzed the change in scores for each sub-scale before and after the interaction

of each participant. We employed an independent samples t-test to examine

the potential differences in the mean change of scores between those who

interacted with a good-performing robot and those who interacted with a

bad-performing robot. The outcomes of this statistical analysis are presented

in Table 5.3. Our findings indicate that solely the factors about the robot’s

behavior and the participant’s attitude towards the robot were affected by the

experimental condition. A visual depiction of the data is shown in Figure 5.2.

Table 5.2: Assessment of trust factor changes before and after the experiment using
paired samples t-test. Significant improvements were found in participants’
scores for the robot’s behavior, understanding of the robot, and attitude
towards the robot.

Measure 1 Measure 2 t df p

Reliability/Comp. B - Reliability/Comp. A −1.910 26 0.067 *

Predictability B - Predictability A −0.706 26 0.486

Performance B - Performance A −2.679 26 0.013 **

Understanding B - Understanding A −3.742 26 < .001 **

Trust Perception B - Trust Perception A −2.028 26 0.053 *

Trust in the System B - Trust in the System A −2.907 26 0.007 **

Propensity to Trust B - Propensity to Trust A −2.326 26 0.028 **

Developers B - Developers A −0.960 26 0.346

Familiarity B - Familiarity A −0.097 26 0.924

Note. Student’s t-test.

A/B denotes After/Before, * p< 0.1, ** p< 0.05
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Figure 5.1: Visualizations of the results of three trust questionnaires, divided into
before and after categories. Each sub-scale is shown, revealing an overall
increase in all factors, except for familiarity with robots, which remained
constant. These results demonstrate that direct interaction with the robot
influenced multiple aspects of trust, though not uniformly across all
measured dimensions.
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Figure 5.2: Visualizations depicting results split by good and bad-performing condi-
tion. As expected, the magnitude of score improvements for most factors
was higher for those who interacted with a good-performing robot than
those who interacted with a bad-performing robot.
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Table 5.3: Results of independent samples t-test comparing trust factor changes for
good- and bad-performing robot. The results indicate that the experimental
condition is significantly affected only by the behavior of the robot and
the participant’s attitude towards the robot .

t df p

Reliability/Competence Change −2.576 25 0.016 **

Predictability Change −3.225 25 0.003 **

Performance Change −1.837 25 0.078 *

Understanding Change 0.061 25 0.952

Trust Perception Change −1.202 25 0.241

Trust in the System Change −1.902 25 0.069 *

Propensity to Trust Change −1.264 25 0.218

Developers Change −1.287 25 0.210

Familiarity Change 0.863 25 0.396

Note. Student’s t-test.

* p< 0.1, ** p< 0.05

5.5 discussion

Our findings support H1, which states that participants’ perception of the ro-

bot’s behavior improved when interacting with a good-performing robot and

deteriorated when interacting with a bad-performing wheelchair. Similarly,

H3 was supported, with participants’ attitudes towards the robot improving

in the good-performing condition and decreasing in the bad-performing

condition. However, H4 was not supported, as participants’ attitudes towards

the developer did not change in either condition. Regarding H2, we found

that participants’ understanding of the robot improved after the interaction,

regardless of the robot’s performance. This result suggests that interaction

with a robot can enhance participants’ understanding of the robot’s capabilit-

ies and limitations. H5 was supported, and participants’ sense of familiarity

with robotic systems was not influenced by the interaction with the robot,

regardless of the robot’s performance. These findings are summarised in

Table 5.4.

Our results suggest that the robot’s performance during the interaction

is critical in shaping participants’ perceptions and attitudes towards it. The

finding that participants’ perception and attitude towards the robot were

better in the good-performing condition is consistent with previous research
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Table 5.4: Summary of Results: Illustrating the influence of interacting with a robot
on five trust factors. The findings indicate whether each factor improved
following the interaction or was contingent on the condition.

Improved

after

Interaction

Depends

on

Condition

1

2

3

4

5

Robot’s behavior ! !

2

3

4

5

Understanding of the robot ! #

3

4

5

Attitude towards the robot ! !

4

5

Attitude towards the developer # #

5 Familiarity # #

on the effect of performance on trust in automation Hancock et al. (2011);

van den Brule et al. (2014). This result suggests that designers of robotic

systems should prioritize ensuring good performance to enhance users’ per-

ception and attitude towards the robot. Furthermore, our findings indicate

that interacting with a robot can improve participants’ understanding of the

robot’s capabilities and limitations. This result highlights the important role

interactive robots can play in user education and consequent trust-building.

Finally, our study found no evidence that brief interaction with a robot can

increase participants’ familiarity with robotic systems. Thus, more extensive

exposure or training may be necessary for users to gain a general familiarity

with robots.

These results also align well with how we understand trust in this thesis

(Section 2.1). The wheelchair task created exactly the type of uncertain and

vulnerable situation where trust becomes important - participants had to rely

on the robot’s navigation decisions for their safety. The changes we observed

in trust scores confirm that trust is dynamic, shifting based on direct experi-

ence with the robot. Interestingly, while some aspects of trust (like behavior

perception) depended heavily on performance, others (like understanding)

improved regardless, supporting the idea that trust has multiple dimensions

(Section 2.3). The fact that all our different trust questionnaires showed sim-

ilar patterns also suggests that participants were integrating various factors

into their overall trust judgments.
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5.6 conclusion

In conclusion, this chapter establishes two fundamental insights about trust in

HRI through our autonomous wheelchair experiments. First, we demonstrate

that robot performance strongly influences how users develop trust: good

performance enhances confidence and acceptance, while poor performance

undermines both. Second, we find that direct interaction with a robot im-

proves users’ understanding of its capabilities, regardless of performance

quality. This highlights the value of studying trust through real-world inter-

action rather than passive observation.

Our results reveal that both the actual experience of direct robot interac-

tion and its performance play significant roles in shaping trust. While poor

performance negatively influences perception and attitudes, this experience

consistently improves users’ understanding of the robot’s capabilities. These

findings have important implications for developing autonomous assistive

devices, emphasizing that successful human-robot interaction depends on

both reliable performance and opportunities for direct user experience.

However, our reliance on pre- and post-interaction questionnaires reveals

an important limitation: we can only capture trust at discrete moments, not

throughout the interaction. This observation leads us to Chapter 6, where

we explore complementary approaches to measuring trust during HRI . By

introducing more sensitive measurement techniques, we aim to more effect-

ively capture the granular shifts in user trust, setting the stage for advanced

modeling approaches we develop later in this thesis.



6
B E Y O N D S E L F - R E P O RT: A C O N T I N U O U S T R U S T

M E A S U R E M E N T D E V I C E F O R H R I

6.1 introduction

Measuring trust in Human-Robot Interaction (HRI) presents a significant chal-

lenge, especially in assistive robotics where trust can shift as the interaction

unfolds. Traditional questionnaires offer a snapshot of trust at a particular

moment, but they often miss the ongoing, gradual changes that may occur as

people interact with robots. This limitation is especially critical in assistive

settings, as understanding these subtle changes can offer valuable insights

into user needs and expectations, ultimately guiding the creation of more

intuitive and supportive robotic systems.

Based on our published work, Beyond Self-Report: A Continuous Trust Meas-

urement Device for HRI, this chapter introduces and validates a novel approach

to continuous trust measurement. Building on the insights from Chapter 5,

where we established that trust evolves with robot exposure and performance,

we present Trusty, a handheld device specifically designed to capture trust

fluctuations without disrupting the natural flow of interaction.

Using the experimental platform detailed in Chapter 4, we evaluated Trusty

in a user study where participants interacted with an autonomous wheelchair.

Our results demonstrate strong correlations between Trusty measurements

and established trust metrics, while providing richer temporal insights into

how trust develops and changes during interaction. The continuous trust

measurements we collect through Trusty provide valuable training data for

the trust prediction model developed in Chapter 7.

6.2 trusty : design and implementation

The primary design objective for Trusty was to develop an intuitive, non-

intrusive device capable of capturing continuous trust signals during inter-

95
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Figure 6.1: Three proposed continuous time trust measurement prototypes: a sliding
scale (left), a rotary dial (center), and the final chosen device, a modified
slot-car controller (right). The slot-car controller design allows parti-
cipants to change their trust input intuitively and continuously, without
the need for visual guidance.

action with a robot. In our iterative design process, we evaluated several

interface options (see Figure 6.1), including a sliding scale and a rotary dial.

Although these alternatives were capable of continuous input, they required

users to divert visual attention to ensure precise operation. Consequently,

we adopted a modified slot-car controller design, which leverages tactile

feedback to allow for natural, eyes-free operation.

The final implementation of Trusty uses a 10k,Ω linear slide potentiometer

housed within a repurposed slot-car controller case. Users indicate their trust

level by pressing the controller’s push bar - pressing further indicates higher

trust, while releasing indicates lower trust. As illustrated in Figure 6.2(a), an

Arduino Nano microcontroller acquires the analog signal from the poten-

tiometer and streams the data into our Robot Operating System (ROS)-based

experimental framework described in Chapter 4.

Trusty continuously records trust measurements throughout the interaction

session, allowing for a more detailed analysis of trust over time. Figure 6.2(b)

shows typical output from Trusty, including both the raw trust signal and

its smoothed variants (e.g., via rolling mean or exponential moving aver-

age). This fine temporal resolution provides an advantage over traditional

questionnaire methods by capturing subtle fluctuations in trust that might

otherwise go unnoticed.

Trusty’s complete source code and detailed hardware specifications, includ-

ing build instructions and component lists, are available on GitHub.1

1 Code available at: https://github.com/NicoLingg/trusty_trust_recorder
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(a) Inside Trusty
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(b) Example output from Trusty

Figure 6.2: (a) Inside view of the Trusty device, showing the 10kΩ linear slide
potentiometer and mechanical linkage to the push bar. The Arduino
Nano reads the analog signal and sends it into ROS. (b) Example of
continuous trust output recorded during an experiment. The raw trust
values (solid line) are shown alongside smoothed versions (e.g., rolling
mean, EMA) to illustrate how trust can be analyzed over time.

6.3 experimental validation

Trusty was validated during the autonomous wheelchair experiment de-

scribed in Chapter 4. In this study, participants collaborated with the wheel-

chair to deliver packages along a series of predetermined checkpoints. Par-

ticipants continuously rated their trust using Trusty and provided addi-

tional verbal trust ratings at designated checkpoints. Moreover, participants

completed established trust questionnaires (Trust in Automated Systems

Test (TOAST), Trust in Automation (TiA), Trust Perception Scale (TPS)) both

before and after the experiment, as detailed in Chapter 5.

6.4 objectives and hypotheses

To assess Trusty’s performance as a continuous trust measurement tool, we

formulated the following hypotheses:

• H1: Trust scores for participants who interacted with a good-performing

wheelchair will be significantly higher than those who interacted with

a bad-performing wheelchair.

• H2: Post-experiment verbal self-report scores and Trusty measurements

will show significant positive correlations with post-experiment trust

questionnaire scores, whereas no significant correlations will be ob-

served with pre-experiment trust questionnaire scores.

• H3: Trusty measurements will correspond strongly with concurrent

verbal self-report trust scores
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6.5 trusty validation results

6.5.1 Statistical Approach

In our experiment, we collected trust-related data from multiple sources,

including scores from reputable trust questionnaires (TOAST, TiA, TPS) admin-

istered both before and after the experiment, verbal self-report scores on a

Likert scale, and continuous trust measurements from Trusty (with values

ranging from 1 to 1024).

For statistical analysis, we employed non-parametric methods such as

the Mann-Whitney U test and Spearman’s rank correlations. We assumed

that observations were independent, that the data were at least ordinal and

possibly non-normally distributed, and that a monotonic relationship existed

between variables. In order to maximize our sensitivity in this exploratory

study, we opted not to apply multiple-comparison corrections (e.g., Bonferroni

correction), thereby accepting a modest increase in the type I error rate.

In conducting our analysis, we recognize that the chosen statistical meth-

ods, while not necessarily the most robust or comprehensive, were selected

for their straightforwardness and interpretability. As shown in our review of

HRI trust research (Chapter 3), these methods align with the most common

analytical approaches in the field. Given the exploratory nature of our study,

these statistical tests serve as useful tools for illuminating potential relation-

ships and correlations within our data. We note, however, that while these

methods offer meaningful insights, they should be considered as a stepping

stone towards more detailed and comprehensive analyses in future studies.

6.5.2 Trust Measurement Validation

To validate our experimental design, we first conducted Mann-Whitney U

tests comparing post-experiment questionnaire scores of participants who

interacted with a good-performing wheelchair against those who interacted

with a bad-performing wheelchair (see Table 6.1). The results revealed statist-

ically significant differences by performance condition (p < 0.05), particularly

for the Performance component of the TOAST scale, while the Understanding

component and overall scores remained consistent. Similar tests applied to

Trusty data and verbal self-report scores indicated that both the continu-

ous measurements and verbal ratings differed significantly between both

performance conditions (see Table 6.2).
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Table 6.1: Results of the Mann-Whitney U test assessing differences in post-
questionnaire scores across experimental conditions.

W df p

All After 53.000 0.023∗

Trust Perception After 55.000 0.031∗

TiA After 53.000 0.025∗

TOAST After 80.000 0.283

TOAST After - Performance 52.000 0.022∗

TOAST After - Understanding 128.500 0.313

Note. Mann-Whitney U test – * p < 0.05

Table 6.2: Results of the Mann-Whitney U test for comparing trust measures across
different conditions, including verbal checkpoints and Trusty segments.

W df p

Verbal Checkpoint 1 25.500 < .001∗

Verbal Checkpoint 2 26.000 < .001∗

Verbal Checkpoint 3 16.000 < .001∗

Verbal Checkpoint 4 15.000 < .001∗

Verbal Checkpoint 5 28.000 < .001∗

Trusty Segment 1 41.000 0.008∗

Trusty Segment 2 39.000 0.007∗

Trusty Segment 3 20.000 < .001∗

Trusty Segment 4 26.000 < .001∗

Trusty Segment 5 25.000 < .001∗

Note. Mann-Whitney U test – * p < 0.05

Table 6.3: Spearman’s Correlation between changes in verbal trust scores and Trusty
scores, showing the relationship between participants’ self-reported trust
levels and Trusty

Spearman’s rho p

Verbal Change - Trusty Change 0.751 < .001∗

Note. * p < 0.05
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We further performed Spearman’s rank correlations comparing the change

scores of verbal self-report and Trusty measurements. As shown in Table 6.3,

a strong positive correlation was observed (Spearman’s rho = 0.751, p <

0.001), indicating that increases (or decreases) in verbal trust ratings were

accompanied by corresponding changes in Trusty scores.

Furthermore, we computed Spearman’s rank correlations to evaluate the

relationship between post-experiment verbal trust scores and Trusty meas-

urements with the trust levels obtained from post-experiment questionnaires.

As detailed in Table 6.4, both the verbal trust ratings and the continuous

Trusty data show statistically significant positive correlations with the post-

experiment questionnaire scores (p < 0.05, with Spearman’s rho values ran-

ging from 0.462 to 0.653). These findings indicate that the trust levels re-

corded during the task - whether through verbal self-report or via Trusty

— are in strong alignment with the overall trust assessments captured by

the questionnaires administered at the end of the experiment. In line with

our expectations, no significant correlations were observed between these

measures and the pre-experiment questionnaire scores (p > 0.05), suggesting

that participants’ trust perceptions evolved as a result of their interaction

with the wheelchair. Overall, all three measurement modalities consistently

captured the dynamic changes in trust over the course of the experiment.

Table 6.4: Spearman’s Correlations showing that post-verbal self-report scores and
Trusty scores are significantly correlated with post-experiment trust ques-
tionnaire scores

Spearman’s rho p

Verbal Ckpt. 5 - TiA After 0.653 0.001∗

- TOAST After 0.541 0.002∗

- Trust Perception After 0.474 0.009∗

- TOAST Before −0.056 0.772

- TiA Before 0.148 0.444

- Trust Perception Before 0.175 0.365

Trusty Seg. 5 - TiA After 0.470 0.012∗

- TOAST After 0.500 0.007∗

- Trust Perception After 0.462 0.013∗

- TOAST Before −0.005 0.981

- TiA Before 0.175 0.373

- Trust Perception Before 0.202 0.303

Note. * p < 0.05
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Table 6.5: Spearman’s correlations between sequential pairs of verbal checkpoints
and Trusty segments, demonstrating significant positive correlations across
all five measurement points

Spearman’s rho p

Verbal Checkpoint 1 - Trusty Segment 1 0.800 < .001∗

Verbal Checkpoint 2 - Trusty Segment 2 0.745 < .001∗

Verbal Checkpoint 3 - Trusty Segment 3 0.802 < .001∗

Verbal Checkpoint 4 - Trusty Segment 4 0.808 < .001∗

Verbal Checkpoint 5 - Trusty Segment 5 0.812 < .001∗

Note. * p < 0.05

Similarly, we computed Spearman’s rank correlations between verbal self-

report scores and the corresponding Trusty measurements collected during

the experiment. As detailed in Table 6.5, strong and statistically significant

positive correlations were observed between each verbal checkpoint and its

corresponding Trusty segment across the various time points. In essence, an

increase in verbal trust ratings at a checkpoint is consistently accompanied by

an increase in the Trusty measurement, and vice versa. Moreover, the violin

plots in Figure 6.3 visually underscore the distributional similarity between

the two measures, further confirming their concordance in capturing trust

dynamics throughout the interaction.

Figure 6.3: Comparison of Trusty and verbal self-report distributions across different
conditions depicted through violin plots revealing their similarity. The
results suggest that Trusty and verbal self-report exhibit comparable
patterns across various conditions, as evidenced by the overlapping
distributions in the violin plots.
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6.6 discussion

In this study, we explored continuous trust measurement in HRI using an ex-

perimental setup involving an autonomous wheelchair. Our results provided

strong support for our first hypothesis (H1): participants who interacted

with the good-performing wheelchair demonstrated significantly higher post-

experiment questionnaire scores and self-reported trust levels compared to

those who experienced poor performance.

Additionally, we evaluated the validity of Trusty. Our analysis showed

positive correlations between post-experiment verbal self-report, Trusty, and

trust questionnaire scores, though we recognize the complexities involved

in directly comparing continuous and discrete measurements. Despite this,

our findings indicate that both verbal self-report and Trusty measurements

effectively capture changes in trust during interactions with the autonom-

ous wheelchair. As hypothesized, we found no significant correlations with

pre-experiment trust questionnaire scores, suggesting that participants’ trust

perceptions evolved during the interaction (H2). This absence of significant

correlations further supports the idea that trust develops as users engage

with the autonomous system, highlighting the need for dynamic trust assess-

ment methods. Furthermore, we observed strong correspondence between

Trusty and verbal self-report measures at different time points during the

interaction, indicating that Trusty shows promise as a valid measurement

tool for assessing trust in this context (H3).

These findings suggest that Trusty can be an alternative to traditional

questionnaires, with the added advantage of capturing more detailed trust

dynamics during interactions. In addition to its use in research, Trusty can

also be applied as a feedback mechanism in HRI. It can provide research-

ers with quantitative data on trust levels, which can be used to evaluate

the effectiveness of different HRI designs, interfaces, and control strategies.

Moreover, Trusty could serve as a valuable labeling tool for machine learning

models, as it can generate continuous time series of trust measurements

during interactions. This feature enables the collection of large amounts of

high-quality labeled data, which can be utilised for training and evaluating

machine learning models. By incorporating Trusty’s continuous trust meas-

urements as the response variable, we can develop models that predict trust

more accurately and reliably using other interaction data (e.g., HR, eye gaze).

While Trusty offers valuable insights into trust dynamics and performance-

based trust in HRI, we must acknowledge its limitations. It may not be

reliable for individuals with physical disabilities that prevent them from
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using the push bar. Additionally, cultural differences in the expression of

trust may not be accurately captured by the device. We also note that the

device may struggle to distinguish between changes in trust and changes

in fatigue or other factors affecting displacement, potentially leading to

inaccurate measurements over extended periods. Furthermore, while our

results are promising, we have only validated Trusty in the specific context of

the autonomous wheelchair scenario, and further studies across diverse HRI

contexts would be valuable to establish its broader applicability.

6.7 conclusion

In this chapter, we introduced and validated Trusty, a novel, tactile device

for continuous trust measurement in physical HRI. Our experimental results

show that Trusty strongly correlates with established trust metrics while

capturing dynamic temporal variations that traditional questionnaire-based

methods may overlook.

Trusty provides a practical alternative for assessing trust in HRI, with

potential applications in predictive modeling. Its continuous measurements

offer rich insights into how trust develops and changes during human-robot

interactions. While we need further validation across diverse contexts, we will

apply this work to the machine learning approaches explored in Chapter 7

and Chapter 8, helping to develop more responsive, human-centered robotic

systems.
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T R U S T P R E D I C T I O N I N A S S I S T I V E R O B O T I C S U S I N G

M U LT I - M O D A L V I D E O T R A N S F O R M E R S

7.1 introduction

In the preceding chapters, we established the importance of trust for effective

Human-Robot Interaction (HRI) in assistive scenarios (Chapter 5) and intro-

duced methodologies for measuring trust continuously during interaction

(Chapter 6). We showed that trust levels change based on robot performance

and can be measured in real-time. Building upon these insights, this chapter

addresses the subsequent challenge: leveraging this understanding to develop

predictive models capable of estimating user trust during interaction.

Predicting such a complex, dynamic state like trust, however, is non-trivial.

The central problem addressed in this chapter is therefore: How can we effect-

ively predict a user’s trust level during real-time interaction with an assistive

robot? To address this challenge, we leverage rich, synchronized multi-modal

data streams including egocentric video, gaze tracking, physiological signals,

and robot data. As we detail in Section 7.2, initial attempts using standard

machine learning techniques on non-visual data face significant hurdles,

underscoring the need for approaches leveraging rich data streams.

This observation led to the development of the solution presented in this

chapter, based on our published work, Trust Prediction in Assistive Robotics

using Multi-Modal Video Transformers. We introduce a multi-modal, multi-task

learning approach designed specifically for this trust prediction problem.

Building on the dataset from Chapter 4, we combine trust ratings from the

Trusty device (Chapter 6, discretized into levels) with these multi-modal data

streams, including visual context from the egocentric video.

Our core approach uses a state-of-the-art video transformer that merges

multiple, synchronized data streams. We also include additional tasks, such as

estimating the robot’s distance to obstacles and its velocity, to help the model

capture a more complete picture of the interaction context. This combination

104
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of multi-task training and multi-modal fusion yields significantly improved

trust prediction performance compared to both the standard approaches

initially explored and models relying on single data types. All code used

in this work is available online.1. The repository includes our multi-modal

video transformer architecture and training methods.

7.2 initial modeling attempts and limitations

Before developing our multi-modal architecture that is the focus of this

chapter, we first investigated the feasibility of predicting trust using standard

machine learning techniques applied to readily available non-visual data

streams. In particualr, we explored models commonly used for regression

and time-series analysis, such as Linear Regression, Random Forests, and

Multi-Layer Perceptrons, when applied to the trust prediction task using

non-visual data streams.

These models were trained using physiological signals (Electrodermal

Activity (EDA), Heart Rate (HR)) and robot data (velocity, distance to obstacles,

etc.) collected during the wheelchair experiment (Chapter 4). To incorporate

temporal context, we engineered features like moving averages and lagged

values from these signals. Importantly, these initial explorations did not utilize

the raw egocentric video stream, focusing instead on what could be achieved

with readily processed sensor and robot data alone. We experimented with

both global models (trained on pooled data from all participants) and local

models (trained individually per participant), using the first 80% of each

participant’s interaction data for training and the final 20% for testing gener-

alization. Similar patterns of overfitting and global averaging were observed

across the different model types (Linear Regression, Random Forests, MLPs),

reinforcing the conclusions drawn from the Linear Regression examples.

Evaluating these models revealed significant challenges related to general-

ization. These challenges, observed across the different model types explored,

are illustrated using Linear Regression examples in Figure 7.1. Here, the

local models (green lines), while adapting to individual training data, often

struggled to produce stable or accurate predictions on the subsequent test

data (right of the dashed line). This tendency towards overfitting, where

models capture noise specific to the training segment rather than underlying

trends, resulted in unreliable performance. The global models (red lines)

presented a different issue, converging towards the mean trust level (purple

dotted line) and thus failing to capture individual trust levels.

1 Code available at: https://github.com/NicoLingg/multi-modal-video-transformer
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Figure 7.1: Illustration of prediction difficulties using standard Linear Regression
models for Participant A (Top) and Participant B (Bottom). Actual trust is
shown in blue. The horizontal purple dotted line represents the global
mean trust across the dataset. Global model predictions (red) tend to-
wards this mean, failing to capture individual dynamics. Local model
predictions (green) show signs of overfitting; while fitting the training
data (left of the dashed line), they exhibit high volatility and poor gener-
alization on the test data (right of the dashed line).

The observed instability in the regression outputs, characterized by local

overfitting and global underfitting (Figure 7.1), suggested limitations in using

these standard regression models with non-visual features to capture the

complex, individual dynamics of trust. This observation pointed towards

the potential benefits of an architecture capable of integrating richer con-

textual information, particularly the visual stream, and handling sequential

dependencies more effectively. Furthermore, the challenges in obtaining

stable continuous predictions led us to explore approaching the problem as a

classification task (predicting discrete trust levels) for increased robustness.

These findings collectively motivated the development of the multi-modal

transformer approach detailed later in this chapter (Section 7.5).

7.3 background and motivation

Given the challenges highlighted by initial modeling attempts (Section 7.2),

the need for more alternative approaches becomes evident. Trust in HRI is

a multi-faceted concept that depends on multiple aspects of the interaction

between human and robot. Successfully predicting this state in real-time
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would offer significant benefits, allowing robots, for instance, to modify

their actions based on inferred user trust levels to improve collaboration.

While earlier work in trust prediction often relied on single data streams

like physiological signals or interaction behaviors, modern robotic systems

can collect various types of data simultaneously, from video and audio to

sensor readings and performance metrics. This diversity of available signals,

combined with recent advances in processing multiple modalities together,

suggests an opportunity to develop richer models for trust prediction.

Transformer architectures have shown impressive results in handling and

integrating diverse data streams, making them a promising solution for

this challenge. Their self-attention mechanisms are particularly effective at

revealing relationships between different types of interaction data. Given

their recent successes in various robotics applications (from perception to

control), these architectures hold promise for effectively predicting human

factors such as trust. In our work, we explore how well these models can fuse

multiple data sources to predict trust states during HRI.

7.4 dataset description

Building on the experimental setup described in Chapter 4, we collected a

comprehensive dataset comprising five synchronized data streams:

1. Attention Patterns: Eye gaze coordinates and head pose measurements

from Pupil Labs glasses (250 Hz), revealing where participants focus

during different trust states and how their attention patterns might

signal changes in trust levels.

2. Physiological Response: Continuous HR (1 Hz) and EDA (60 Hz) meas-

urements that may reflect unconscious responses to robot behavior,

particularly during moments of uncertainty or changed trust.

3. Robot State: Wheelchair telemetry including position, orientation, and

velocity (60 Hz), enabling analysis of how specific robot behaviors and

movement patterns correlate with trust levels.

4. Trust Labels: Ground truth trust measurements from the Trusty device

(60 Hz) introduced in Chapter 6, providing continuous labels for super-

vised learning.

For training, we synchronized all sensor data streams and resampled them

to a fixed 60 Hz frequency, ensuring temporal alignment across modalities.
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Table 7.1: Dataset composition. Trust-labeled data from 34 participants combined
with supplementary data (1 subject) without trust labels. Supplementary
data aims to enhance regression tasks, indirectly improving trust predic-
tion. Both datasets include wheelchair performance, EDA, HR, head pose
and eye gaze signals.

Dataset Frames Subjects Signals

Supplementary Data 414,799 1

Participants Data 444,537 34 + Trust

Total 859,336

To augment the dataset for performance and regression tasks, we collec-

ted additional supplementary data from a single subject who varied their

behavior across multiple sessions. This supplementary data excludes trust

signals and is used to enhance the model’s training on objective tasks, while

the trust prediction task relies solely on data from the 34 participants. The

loss functions for trust prediction are masked for supplementary samples

during training. As shown in Table 7.1, the enriched dataset, combining

supplementary and participant data, totals over 850,000 tokens. To create a

validation set, we set aside data from two randomly selected participants.

7.5 multi-modal video transformer

Motivated by the limitations of standard approaches detailed in Section 7.2,

we propose a transformer-based architecture designed for sequential pro-

cessing of multiple input streams to predict trust. The model’s design pri-

oritizes efficient fusion of video, gaze, and physiological data while main-

taining temporal relationships across all modalities, unlike methods relying

on aggregated or point-in-time features. By processing multiple modalities

simultaneously, we enable the model to capture subtle patterns that might be

missed when analyzing individual data streams in isolation.

7.5.1 Architecture

The core architecture, shown in Figure 7.2, consists of five components that

transform raw sensor data into trust predictions. Each component plays a

specific role in processing and integrating the multi-modal data streams:
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Figure 7.2: Illustration of our proposed multi-modal video transformer architecture.
The network intakes a sequence of image frames, processes spatial fea-
tures through a frozen ViT, and reduces dimensionality via a projector.
Separately, time-aligned eye gaze and physiological data are projected lin-
early to match the projector’s output dimension, enabling fusion through
element-wise addition. This is followed by temporal feature extraction
through a sequence model. One shared linear layer is followed by sep-
arate prediction heads for each task. Task losses are aggregated in a
weighted multi-task loss function.

1. Vision Encoder: Video frames are individually passed through a pre-

trained ViT with frozen weights (Wu et al., 2020).

2. Projector: Frame representations are projected to a lower dimension

using a Multi-Layer Perceptron (MLP) with one hidden layer.

3. Fusion Module: Time-aligned eye gaze and physiological data are

projected linearly to match the Projector’s output dimension and then

element-wise added to projector outputs.

4. Sequence Encoder: Encoder-only transformer model composed of eight

causal self-attention (Vaswani et al., 2017) and MLP blocks process the

entire sequence of projector outputs, i.e. tokens. Following Touvron

et al. (n.d.), we use RMS normalisation (Zhang and Sennrich, 2019) and

SwiGLU activations (Shazeer, 2020).

5. Prediction Heads: After sequential processing, the final tokens contain

all necessary context for prediction. Following a single shared linear

layer, each target is predicted separately.

Our modular approach offers distinct advantages over conventional video-

native transformer architectures, such as ViViT(Arnab et al., 2021) and TimeS-

former(Bertasius et al., 2021). Unlike these models, which intertwine spatial

and temporal feature extraction, our design leverages a pre-trained, frozen

ViT, focusing computational resources on learning temporal features. We also

combine contextual time-series signals (for example, eye gaze data) with
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Table 7.2: Overview of model components and their respective trainable parameters.
The Vision Encoder (ViT) remains frozen to leverage pre-trained efficiencies,
while other components are fully trainable and optimized during training.

Model Component Trainable Parameters Frozen

1) Vision Encoder 0 Yes
2) Projector 114,946 No
3) Fusion Module 384 No
4) Sequence Encoder 1,049,628 No
5) Prediction Heads 18,189 No

Total 1,184,043 -

image representations before feeding them into our sequential model, which

results in more effective multi-modal temporal feature extraction. Addition-

ally, our design is flexible, allowing for the easy replacement of vision and

sequence encoders to meet various application needs. Finally, to improve

training stability, we adopt the σReparam method for all learnable linear

layers, per Zhai et al. (2023).

For a detailed overview of the trainable parameters in each model com-

ponent, see Table 7.2. For information on training hyperparameters, refer to

Table B.2 in the Appendix.

7.5.2 Training Methodology

To train a robust model for trust prediction, we leverage multi-task learning

to integrate auxiliary perceptual tasks. This approach enriches feature repres-

entations and enhances generalization. The following section introduces the

weighted multi-task loss function used to balance these tasks effectively.

7.5.2.1 Data Preprocessing and Training Setup

Prior to training, we time-aligned all data modalities, and time-series ob-

servations were normalised using dataset-wide statistics. We transformed

the continuous trust measurements from Trusty (values 0-1024) into three

discrete classes (low, medium, high) for both technical and practical reasons.

First, as suggested by the difficulties encountered with continuous regression

in our initial modeling attempts (Section 7.2), classification into discrete trust

levels is more robust to noise and small fluctuations in the continuous signal

that may not reflect meaningful changes in trust state. Second, discrete classi-

fication simplifies the learning problem compared to continuous regression,

particularly important given our limited dataset size and the complexity

of trust prediction. Third, from an application perspective, robot behavior

adaptation likely requires only broad trust level distinctions rather than fine-
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grained numerical values. Each input sequence comprised 200 video frames

and their corresponding fusion data, totaling around six seconds in duration.

To enhance model robustness, we applied data augmentation during train-

ing, using transformations detailed in Appendix Table B.1. Where applicable,

these transformations were also applied to corresponding eye gaze coordin-

ates to maintain consistency across modalities.

We performed training on an Nvidia RTX 4090 GPU, Ryzen Threadripper

PRO 5965WX, and 128GB RAM for efficient multi-modal processing.

7.5.2.2 Weighted Multi-Task Loss Function

Effective trust prediction requires handling both unstructured video data

and sparse trust labels (high, medium, low), which provide limited feedback.

To address this, we hypothesized that training the model on auxiliary per-

ceptual tasks would guide it to extract contextually relevant features. These

features, such as environmental context or gaze dynamics, are important for

understanding trust.

Multi-task learning also brings additional benefits, including reduced

overfitting and faster convergence, by sharing knowledge across related

tasks Crawshaw (2020). For instance, predicting gaze elevation or azimuth

potentially enriches the model’s understanding of user attention, a key de-

terminant of trust in collaborative systems.

We employed a weighted multi-task loss function to balance the contribu-

tions of individual tasks. The total loss L is computed as:

L =

∑

i

wiLi (7.1)

where Li represents the loss for task i, and wi is its corresponding weight.

A naive approach to weighting could disproportionately emphasize certain

tasks, especially if their loss scales differ. To mitigate this, we normalized the

weights as follows:

w
∗

i
=

wi∑
i
wi

· scale (7.2)

The hyperparameter scale ensures that the total weight sum remains constant,

decoupling the task contributions from the number of tasks.

Task weights wi were empirically determined through preliminary exper-

iments to optimize trust prediction accuracy while maintaining balanced

performance across auxiliary tasks. A complete list of auxiliary tasks and

their contributions can be found in Table 7.3.
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Table 7.3: Experimental results comparing seven model configurations (M1-M7).
Models M1-M5 use video-only input with incrementally added auxiliary
tasks, improving trust accuracy by 4% (M5 vs M1). Adding gaze input
(M6: V+G, all tasks) yields the best performance, boosting trust accuracy
by 10% over M5 and more than halving gaze prediction MAE. Adding
physiological data (M7: V+G+P) offers nuanced results. Comparisons also
show the Transformer architecture outperforms an LSTM variant (M6 vs
M6 LSTM, +12.2% trust accuracy) and supplementary data significantly
enhances performance (M6 vs M6 w/o SD, +10.5% trust accuracy).

Classification Regression Tasks (Mean Absolute Error)

Accuracy (%) Lower is better

Model Inputs Trust WC Perf. X Pos. Y Pos. Dist. Orient. Vel. Roll Pitch Azim. Elev.

(m) (m) (m) (deg) (m/s) (deg) (deg) (deg) (deg)

M1 V 50.7 - - - - - - - - - -

M2 V 51.5 86.5 - - - - - - - - -

M3 V 49.9 87.9 0.55 0.60 0.09 8.23 0.09 - - - -

M4 V 51.2 81.0 0.46 0.54 0.09 8.64 0.10 3.38 2.79 - -

M5 V 54.7 84.3 0.49 0.56 0.08 6.42 0.10 3.96 3.21 10.44 10.25

M6 V + G 64.3 88.3 0.50 0.54 0.09 7.71 0.09 3.31 2.55 3.34 3.08

M7 V + G + P 57.3 84.6 0.51 0.59 0.10 6.40 0.10 3.52 3.08 3.89 3.15

M6 (LSTM) V + G 52.1 76.9 0.62 0.68 0.18 7.51 0.13 3.92 3.68 4.23 3.85

M6 (w/o SD) V + G 53.8 75.1 0.63 0.69 0.29 9.79 0.12 4.34 3.34 4.34 4.00

V = Video, G = Gaze, P = Physiological Data (EDA and HR), WC Perf. = Wheelchair Performance, SD = Supplementary Data

7.6 experimental results

We conducted a series of tests to quantify the contribution of A) auxiliary

perceptual targets, B) fusion inputs, and C) model architecture and sup-

plementary data to the accuracy of the model’s trust predictions. Table 7.3

summarizes the validation results for seven distinct model configurations

(M1-M7), detailing the specific inputs used and targets predicted by each.

7.6.1 Multi-Task Contribution

We begin with M1, a baseline model using only video input (V) and trained

solely on the trust classification task. To quantify the contribution of auxili-

ary perceptual targets, we incrementally added task groups while keeping

the input modality as video-only: M2 added wheelchair performance clas-

sification; M3 added wheelchair state regression tasks (position, distance,

orientation, velocity); M4 added head pose regression (roll, pitch); and M5

added gaze regression tasks (azimuth, elevation), thus predicting all available

targets. We assessed if adding these task groups improved trust prediction
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accuracy. Trust accuracy increased by 4% when all targets were included

(M5 vs M1), particularly with the addition of gaze-related targets (azimuth,

elevation) in M5. While incorporating these auxiliary tasks improved trust

prediction, the performance of these video-only models (M1-M5) remained

modest, suggesting a weak but learnable signal in video alone.

7.6.2 Multi-Modal Contribution

We further investigated the contribution of additional input modalities bey-

ond only video. Integrating eye gaze XY coordinates as an input alongside

video (Model M6, Inputs: V+G), while training on all tasks, increased trust

prediction accuracy by 10% compared to the best video-only model (M6 vs

M5). This addition also more than halved the mean-absolute-error for gaze-

related perceptual targets, showcasing the fusion module’s efficacy. Adding

physiological data (HR and EDA) to video and gaze inputs (Model M7, Inputs:

V+G+P) yielded nuanced results: while trust classification accuracy decreased

slightly compared to the video and gaze model (M6), it still outperformed

video-only models (M1-M5), suggesting a complex contribution that does not

linearly enhance performance in all aspects. Our findings suggest that video

transformers can predict user’s trust levels (high, medium, low) with about

64% accuracy. This also supports our hypothesis that transformers effectively

process rich, high-dimensional temporal data and perform multi-modal fu-

sion, capturing complex trust relationships in HRI. Gaze data, both as input

and auxiliary target, boosted trust prediction accuracy, while physiological

data’s role requires more research.

7.6.3 Model Architecture and Data Impact

To further validate our architectural choices and data strategy, we conducted

two key comparisons using the best-performing configuration, M6 (Video +

Gaze inputs, all tasks). First, we compared our standard Transformer-based

M6 architecture against a variant using the same inputs and tasks but repla-

cing the Transformer sequence encoder with an LSTM (denoted M6 (LSTM) in

Table 7.3). The standard Transformer-based M6 outperformed its LSTM coun-

terpart by 12.2% and 11.4% in trust and wheelchair performance prediction,

respectively. This performance difference suggests the transformer’s ability

to capture complex temporal relationships in multi-modal data.

Second, we evaluated the impact of the supplementary dataset by compar-

ing our standard M6 model (trained on both participant and supplementary
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data) with an identical model trained without the supplementary data (M6

w/o SD). Incorporating supplementary data yielded improvements across

all metrics, with notable increases of 10.5% in trust prediction, even though

supplementary samples do not have trust labels. This aligns with broader

scalability results in transformer research, as performance generally improves

with compute (more data or more parameters) (Hoffmann et al., 2022). These

findings support our choice of a transformer architecture and the use of

supplementary data for enhancing model robustness and performance.

7.6.4 Comprehensive Performance Evaluation

To provide a holistic view of the M6 model’s performance, its predictive

accuracy across key metrics is visualized in time-series plots in Figure 7.3,

while the confusion matrices for trust and wheelchair performance classi-

fication are presented in Figure 7.4. These visualizations contextualize the

numerical results discussed above, illustrating how auxiliary perceptual tar-

gets, fusion inputs, and architecture enhancements contribute to real-time

trust predictions and classification performance.

The time-series plots in Figure 7.3 demonstrate the model’s ability to track

complex temporal patterns in wheelchair telemetry (e.g., position, velocity,

orientation) and environmental variables (e.g., pitch, elevation). Solid lines

represent ground-truth values, while dashed lines show the M6 model’s

predictions, highlighting its capacity to approximate dynamic interactions

accurately.

Additionally, the confusion matrices presented in Figure 7.4 underscore

the model’s classification accuracy. For trust, diagonal dominance reflects

consistent prediction of high, medium, and low trust states, with minor

misclassifications between adjacent levels (e.g., medium as high). Similarly,

high precision and recall for wheelchair performance classification validate

the multi-task learning approach, which enables robust feature extraction and

integration across modalities. These results visually confirm the quantitative

improvements achieved through our model design.
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Figure 7.3: Visualisation of M6’s performance on validation set. Time-series plots
with actual values (solid lines) vs predictions (dashed lines) demonstrate
the model’s ability to track complex patterns. Confusion matrices for
trust and performance provide insights into its classification accuracy.



7.7 discussion 116

0 1 2

Predicted label

0

1

2

T
r
u
e
la
b
e
l

30 8 10

2 16 6

8 6 26

Precision: 0.75

Recall: 0.62

Precision: 0.53

Recall: 0.67

Precision: 0.62

Recall: 0.65

Confusion Matrix for Trust

0 1

Predicted label

0

1

T
r
u
e
la
b
e
l

50 2

11 49

Precision: 0.82

Recall: 0.96

Precision: 0.96

Recall: 0.82

Confusion Matrix for Performance

5

10

15

20

25

30

10

20

30

40

50

Figure 7.4: Confusion matrices for the M6 model on the validation set. The left matrix
shows performance for the three-level trust classification (Classes 0: Low,
1: Medium, 2: High), and the right matrix shows performance for the
binary wheelchair performance classification (Classes 0: Bad, 1: Good).
Precision and recall scores for each class are provided below each matrix.

7.7 discussion

The results suggest that trust prediction can benefit significantly from in-

tegrating multi-modal data and incorporating auxiliary training tasks. By

leveraging diverse data modalities such as gaze patterns, physiological sig-

nals, and environmental context, we were able to uncover latent patterns that

may not be as accessible with single-modality inputs. These findings align

with the idea, explored in earlier chapters (Chapters 5 and 6), that trust is a

dynamic, multifaceted construct shaped by a variety of contextual factors.

The initial modeling attempts (Section 7.2) further reinforce this, showing the

inadequacy of simpler models relying solely on non-visual data for capturing

these complexities.

The inclusion of auxiliary perceptual targets in the multi-task learning

framework also demonstrated potential benefits. This approach seems to

enhance trust prediction accuracy by encouraging the model to capture richer

environmental features. These observations resonate with prior research that

highlights multi-task learning as a strategy to improve generalization and

robustness in machine learning models.

However, the integration of physiological signals yielded mixed results.

While HR and EDA contributed some improvement, their overall impact was

less pronounced than that of gaze data. This suggests a nuanced relationship

between physiological signals and trust. One possibility is that their signal

is effectively captured, or even superseded by, visual and gaze cues within
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the transformer architecture. Further investigation could help clarify how

these signals interact with other modalities and whether they provide more

indirect cues to trust dynamics.

Although the results are encouraging, there is room for improvement. The

overall prediction accuracy (64.3% for the best-performing model) suggests

that while the approach is feasible, further work is needed to enhance its

effectiveness. Larger and more diverse datasets, as well as the exploration

of alternative model architectures or fusion techniques, could contribute to

improved performance in future iterations.

7.8 comparison with existing trust models

Our multi-modal transformer approach differs from traditional computa-

tional trust models in several key aspects. While existing approaches like

RoboTrust (Section 2.4.3) or ARMAV (Section 2.4.4) rely on discrete updates

and predefined parameters, our implementation learns trust patterns directly

from continuous multi-modal interaction data.

Most computational models focus on single data streams or simple per-

formance metrics. Time-series models like ARMAV assume linear relation-

ships between trust and performance factors, while algebraic models reduce

complex interactions to binary success/failure indicators. Our transformer

architecture processes rich, high-dimensional inputs including visual informa-

tion, physiological signals, and behavioral patterns without requiring manual

feature engineering or simplification.

Traditional models typically serve evaluative purposes, assessing trust

levels after interaction completion. DBN-based approaches like OPTIMo

(Section 2.4.7) use predefined state transitions and observation models that

require manual specification. In contrast, our approach enables real-time trust

assessment during active interaction, learning complex temporal dependen-

cies and non-linear relationships directly from empirical data.

The multi-modal integration in our implementation addresses a key limita-

tion in existing models, which often overlook contextual information available

during physical human-robot interaction. By processing synchronized video,

gaze, and physiological data streams, our model captures the multifaceted

nature of trust that single-stream approaches miss.
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7.9 conclusion

This chapter presented a multi-modal transformer architecture that success-

fully predicts user trust by combining video, gaze tracking, and physiolo-

gical data streams collected during human-robot interaction. Our approach

addresses the limitations identified with simpler modeling techniques (Sec-

tion 7.2) by leveraging the representational power of transformers and the

richness of multi-modal context. Our results achieved 64% accuracy in predict-

ing discretized trust levels (low, medium, high), with eye-gaze data emerging

as a particularly valuable signal for prediction. The multi-task learning frame-

work further enhanced performance by guiding the model to learn relevant

contextual features, such as robot state and environmental variables.

These findings extend the challenges discussed in Chapter 3, particularly

the need for richer data sources to capture trust in real-world, dynamic

settings. Building on the insights from Chapter 5, our results suggest trust is

a dynamic process shaped by various contextual and user-driven factors.

In the next chapter, we introduce the Assistive Mobile Interactive Grasping

Agent (AMIGA) platform and present Trust-ACT, our framework for trust-

aware imitation learning. Trust-ACT incorporates trust signals into the robot’s

decision-making process, aligning its actions with human trust metrics.
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M U LT I - M O D A L T R U S T- AWA R E I M I TAT I O N L E A R N I N G

F O R R O B O T I C M A N I P U L AT I O N W I T H A M I G A

8.1 introduction

Earlier in this work, we examined how trust emerges, evolves, and can be

measured in Human-Robot Interaction (HRI), focusing initially on navigation

tasks. We introduced devices and methodologies, such as the Trusty tool, to

capture continuous trust signals. Building on this foundation, we now shift

our attention from the navigation scenario to a manipulation task, as outlined

in the Thesis Roadmap (Figure 1.2), and investigate how we can use trust as

a controllable dimension in robotic policy generation.

The central problem explored here is: How can subjective human trust

signals, captured continuously during expert demonstrations, be effectively

integrated into an imitation learning framework to enhance robotic manipu-

lation skills? Specifically, we investigate if these trust annotations can be used

to: (1) enable a robot policy to learn and generate distinct execution styles

that reflect the varying levels of trust associated with the demonstrations,

and (2) guide the robot during execution to select actions that lead to more

reliable or preferred outcomes, as implicitly encoded in the trust signal.

To ground this investigation in a realistic setting, we first introduce AMIGA

(Section 8.2), a versatile mobile manipulation platform developed for HRI

research. AMIGA, integrating a UR10e arm with a powered wheelchair base

and advanced sensors, provides the necessary infrastructure for collecting

synchronized manipulation demonstrations (via the GELLO teleoperation

interface) and continuous trust annotations (via the Trusty device).

Leveraging Assistive Mobile Interactive Grasping Agent (AMIGA)’s cap-

abilities, we propose Trust-ACT (Section 8.3), a method integrating trust

signals into the generative Action Chunking with Transformers (ACT) frame-

work (Zhao et al., 2023). Trust-ACT conditions its Conditional Variational

Autoencoder (CVAE)-based policy on trust annotations to learn distinct exe-

119
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cution styles associated with those annotations. During inference, it utilizes

a learned trust prediction model to evaluate multiple trajectories sampled

from the policy, selecting the most promising one according to the learned

trust criteria. This approach demonstrably improves task success rates (e.g.,

in block stacking) while enabling both trust-conditioned stylistic control and

enhanced performance through trust-guided selection.

8.2 amiga mobile manipulation platform

8.2.1 Introduction, Motivation, and Goals

AMIGA, illustrated in Figure 8.1, represents a novel approach to mobile manip-

ulation platforms that addresses a critical challenge in robotics research: cost

accessibility. While commercial mobile manipulators often exceed $100,000,

AMIGA demonstrates how design choices can dramatically reduce costs while

maintaining essential capabilities for HRI research.

(a) Physical implementation (b) CAD design model

Figure 8.1: AMIGA: (a) The physical platform integrating a UR10e collaborative robot
arm with a powered wheelchair base. (b) Detailed CAD model developed
for multiple purposes: manufacturing specifications, generating the ro-
bot’s URDF model for Robot Operating System (ROS) integration, and
enabling testing in simulation environments like Gazebo.
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At the core of AMIGA’s design is a complete rethinking of mobile robotics

platforms by repurposing a powered wheelchair as its mobile base. This

approach leverages the wheelchair’s inherent advantages: its robust mechan-

ical design can support heavy payloads, its built-in power system provides

reliable operation, and its proven mobility system enables precise navigation

- all at a fraction of the cost of conventional robotic mobile platforms. The

wheelchair base is integrated with a Universal Robots UR10e collaborative

robot arm and equipped with a Robotiq 3-Finger Adaptive Robot Gripper for

versatile object manipulation. For comprehensive environmental perception,

AMIGA incorporates multiple sensor modalities: a wrist-mounted ZED 2i

stereo camera provides detailed views for manipulation tasks, while front

and back-mounted Intel RealSense D415 cameras combined with LIDAR

sensors and an Inertial Measurement Unit (IMU) enable robust navigation

and obstacle detection.

The development of AMIGA was driven by several key requirements. The

platform needed sufficient payload capacity to support not only the UR10e

arm but also end-effectors, sensors, and computing hardware. Modularity

was essential to facilitate easy integration or replacement of components

as research needs evolve. Cost-effectiveness remained essential, driving our

decision to utilize a second-hand wheelchair base. As a platform intended for

HRI studies, safety and reliability were non-negotiable. Finally, the software

architecture needed to support multiple control paradigms, from direct tele-

operation to autonomous navigation, enabling diverse research applications

including trust experiments.

8.2.2 Design Methodology and System Configuration

To systematically address these requirements, we used a comprehensive

morphological analysis approach, a creative problem-solving method that

breaks down complex systems into their basic functional components and

explores different solutions for each. As illustrated in Figure 8.1, this struc-

tured method decomposed AMIGA’s design into fifteen core subfunctions,

from base selection and arm configuration to end-effector choice, mounting

solutions, power systems, computing architecture, and sensor integration. For

each subfunction, we identified and evaluated multiple potential solutions,

creating a systematic decision space for the overall system design.

The analysis revealed three potential system configurations, each repres-

ented as a complete path through the solution space in Figure 8.1. Our

implemented solution (highlighted as the "red path") combines a wheelchair
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base with a UR10e arm in a single-arm configuration, optimally balancing

cost-effectiveness and functionality. We also explored two alternative con-

figurations: a Husky mobile base with dual UR5 arms that offered superior

outdoor mobility capabilities but at significantly higher cost, and a Ridgeback

base with a single UR5 arm that provided enhanced autonomous navigation

features but suffered from limited cost-effectiveness and a larger footprint.

In addition to the functional comparisons, a high-level cost analysis (Table

8.2) highlights a significant benefit of our wheelchair-based approach. Specific-

ally, the use of a wheelchair base (Solution 1) resulted in a 90-96% reduction

in base platform costs compared to commercial alternatives (Solutions 2 and

3). This substantial cost saving allowed for increased investment in high-

quality sensors and computing resources, while maintaining a total system

cost considerably below those of commercial options. Although approximate,

these figures strongly support using a wheelchair platform to keep system

costs manageable.

8.2.3 Software and Control Architecture

AMIGA’s software and control framework is designed as a flexible, distributed

architecture, capable of handling various tasks such as navigation, perception,

and manipulation. Figure 8.2 provides a block diagram of the overall system,

illustrating how data and control flow among the core hardware elements -

the powered wheelchair base, the UR10e robotic arm, the Robotiq 3-finger

gripper, and the sensor suite - and the computing units responsible for

higher-level decision-making and control.

The design philosophy behind AMIGA’s software architecture centers on

balancing computational demands and ensuring modularity for future ex-

pansions. The wheelchair base provides both mobility and power, while two

dedicated NVIDIA Jetson Xavier units distribute the processing load: one

Jetson manages navigation tasks such as mapping, localization, and path

planning, and the other Jetson focuses on perception-driven manipulation,

including object recognition and grasp planning.

A Raspberry Pi handles low-level commands to the wheelchair’s R-Net

controller by sending CAN bus messages via the can2RNET 1 library, allowing

control of velocity and drive parameters while also reading feedback on

battery status and operational states. A laptop adds additional computational

resources, for example running advanced machine learning models, and can

act as the ROS master in configurations where ROS is utilized.

1 https://github.com/redragonx/can2RNET.git
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Table 8.1: Morphological analysis matrix decomposing AMIGA’s design into 15 core
subfunctions, from base selection to sensing systems. Each row represents
a subfunction with multiple solution alternatives, and colored paths (red,
blue, green) show three configurations. The red path highlights our imple-
mented wheelchair-based solution, while blue and green paths represent
alternative configurations using Husky and Ridgeback bases respectively.
3D renderings of complete configurations are shown at the bottom.

Morphological Analysis

Product: AMIGA Designed by: Nico Lingg

Subfunction Solution 1 Solution 2 Solution 3 Solution 4 Solution 5

Base

Wheelchair Ridgeback Agile Ranger Husky Unmotorized

Arm

UR10 UR5 Kinova Gen 3 Franka Panda KUKA

Arm Con-
figuration

Single Arm Dual Arm

End-
Effector

Robotiq
2-Finger

Robotiq
3-Finger

Soft Gripper
4-Finger

Allegro Hand
Vacuum
Gripper

Mounting

Custom
Universal
Mount

Quick Release
Adjustable
Frame

Power
Source

Wall Power
(Tethered)

Internal
Batteries

(From Base)

External
Additional
Battery

Power Station
(Battery +
Inverter)

Power
Control

Compact DC
Control Box

AC Control
Box + Inverter

AC Control
Box

Computing

External PC
Onboard
Laptop

Cloud-Based Distributed
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Transmission

Ethernet WiFi Bluetooth Radio

Perception
Systems

Mono Camera
Stereo/RGB-D

Camera
Event Camera 360° Camera

Thermal
Camera

Perception
Systems
Config.

Wrist Front Back Side Left Side Right

Distance
Sensing

2D LIDAR 3D LIDAR Ultrasonic Radar
Time-of-Flight

(ToF)

Distance
Sensing
Config.

Wrist Front Back Side Left Side Right

Charging

Manual
Plug-in

Wireless
Charging

Auto-Docking Battery Swap Contact Plates

Other
Sensors

IMU Wheel Enc. GPS/GNSS Magnetometer Force/Torque

Solution 1 Solution 2 Solution 3
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Table 8.2: Cost comparison between wheelchair-based AMIGA (Solution 1) and al-
ternative mobile manipulation configurations. For simplicity, we list only
major components (base, arm, end-effector) separately, with all remaining
hardware costs consolidated under additional components. The wheelchair
base cost reflects actual purchase price; all other costs are estimates.

Component Solution 1 Solution 2 Solution 3

Base $1,804* $18,625 $45,000

Arm $35,000 $60,000 $35,000

End-Effector $20,000 $10,000 $20,000

Additional Components $10,000 $15,000 $12,000

Total $66,804 $103,625 $112,000

* Actual cost; all other figures are estimates.

Figure 8.2: Block diagram of AMIGA’s software and control architecture. It consists of
five subsystems: the wheelchair base (powered by a 24V battery), UR10e
robot arm, Robotiq 3-finger gripper, the sensor suite, and the compute
units (Jetson Xavier modules, laptop, and Raspberry Pi). Navigation tasks
are handled by one dedicated processing unit, while manipulation tasks
run on another. Additionally, a Raspberry Pi manages low-level CAN bus
communication with the wheelchair’s R-Net electronics.

A portable router integrates all computing units and sensors into a single

network, enabling reliable communication and data sharing. This design

allows us to implement new features, modules, or custom software as research

needs evolve. The platform supports both ROS with standard open-source

libraries and custom-built control software, making it versatile for many

applications.
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8.2.4 Control and User Interaction Examples

AMIGA supports multiple options for user interaction, facilitating diverse

research scenarios in human-robot collaboration and trust. We have imple-

mented and tested three representative interaction methods.

8.2.4.1 ROS-based with MoveIt

The primary control interface leverages ROS’s MoveIt framework for motion

planning and execution. Through RViz visualization, operators can monitor

the robot’s state while an integrated perception pipeline detects and localizes

objects in the workspace. The system enables automated grasp planning and

trajectory generation - after object detection, MoveIt calculates collision-free

paths which the operator can verify before execution.

Figure 8.3 demonstrates this approach.

Figure 8.3: Demonstration of the ROS-based control interface combining object de-
tection, motion planning in MoveIt, and real-time visualization in RViz.
The split view shows both the physical robot and its digital planning
representation (RViz) 2.

2 Full video demonstration available at: https://youtu.be/yE7OfocMpC0
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8.2.4.2 Vision-Based Arm Control using Apple Vision Pro

This experimental control interface uses Apple Vision Pro’s hand tracking to

translate user hand gestures into robot motions. After an initial calibration,

tracked hand movements are mapped to the robot’s end-effector poses, which

are then resolved using inverse kinematics to execute the desired movements.

This gesture-based control allows operators to interact with the robot using

hand movements. While it provides an intuitive way to guide the robot,

it does require the operator to stay aware of their hand position to avoid

unintended collisions. This method can be particularly useful in environments

where users need to control the robot without physical contact, such as when

wearing protective equipment. The system offers flexibility, but users must

maintain focus on their gestures to ensure the robot’s movements remain

accurate and safe.

Figure 8.4 demonstrates this motion control approach.

Figure 8.4: Experimental interface using Apple Vision Pro’s hand tracking for direct
robot teleoperation. The system translates tracked hand positions into
robot motions through inverse kinematics 3.

3 Full video demonstration available at: https://youtu.be/tZJmzDnSWlE
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8.2.4.3 GELLO-based Direct Control

For intuitive manipulation control, we integrated the GELLO framework (Wu

et al., 2023), which uses a scaled, kinematically-equivalent physical replica

of the UR10e arm. The miniature model is equipped with low-cost motors

that function as joint encoders, directly mapping its configuration to the real

robot and delivering natural, precise control. With this kinematic mapping,

we can easily understand the robot’s constraints and see a direct link between

our inputs and the resulting movements.

The GELLO interface stands out for three key characteristics: its cost-

effectiveness using readily available components, high precision through dir-

ect joint-angle mapping, and intuitive control that requires minimal training

for new operators. These features make it an ideal choice for our manipu-

lation experiments, allowing us to focus on trust-related research questions

without the interface itself becoming a barrier to natural interaction.

Figure 8.5 demonstrates this approach.

Figure 8.5: The GELLO control interface uses a scaled physical model of the UR10e
with joint encoders to enable direct kinematic control of the robot arm,
providing intuitive manipulation capabilities while maintaining visual
feedback through the planning interface 4.

4 Full video demonstration available at: https://youtu.be/KOQMngVUWtw
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8.3 trust-act : integrating trust in imitation learning for

robotic policy learning

Building on the capabilities of the AMIGA platform, this section explores

how we can integrate trust into robotic manipulation tasks. Rather than just

measuring trust, we focus on using trust annotations to influence imitation

learning. We introduce Trust-ACT5, a novel approach that leverages human

trust signals to condition robotic policy generation. Trust-ACT builds upon

the ACT framework (Zhao et al., 2023) by conditioning a CVAE-based policy on

trust signals, enabling the robot to generate distinct behaviors corresponding

to high, medium, or low trust. In this work, our contributions are threefold:

(1) we demonstrate that incorporating trust as a conditioning variable enables

real-time modulation of the robot’s motion style; (2) we mitigate the posterior

collapse observed in the vanilla ACT framework through a partial masking

strategy (in conjunction with KL annealing) to preserve a meaningful latent

space; and (3) we implement a best-of-n sampling strategy, using a trust

prediction model to select the most reliable trajectory, which improves task

performance.

Figure 8.6: Experimental setup and trust-conditioned trajectory visualization: (left)
The experimental testbed showing the UR10e robot with Robotiq grip-
per for block stacking tasks, alongside the Gello and Trusty systems;
(right)Generated trajectories under varying trust conditions, demonstrat-
ing how path smoothness and directness correlate with trust levels: high
trust (green) exhibits direct, confident movements, medium trust (yellow)
shows moderate variation, and low trust (red) shows more hesitant, in-
direct motions 6.

5 Code available at: https://github.com/NicoLingg/trust_act.git
6 Full video demonstration available at: https://youtu.be/xxqvBuDca4Q
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Figure 8.6 illustrates our experimental setup and highlights the trust-

conditioned trajectories produced by Trust-ACT. The left panel shows the

testbed featuring the AMIGA robot with a Robotiq gripper, integrated with

the Gello and Trusty systems, while the right panel visualizes trajectories

generated under varying trust conditions: high trust (green) exhibits direct,

confident movements, medium trust (yellow) shows moderate variation, and

low trust (red) displays more hesitant, jerky, and indirect motions.

8.3.1 Motivation

A key challenge in robotic manipulation is enabling the robot to adapt

its behavior in a manner that aligns with human expectations and trust.

Traditionally, trust is evaluated after the fact, serving more as a performance

metric. However, if we integrate trust signals directly into the learning process,

the robot can learn to generate distinct behavioral distributions that reflect

varying levels of trust. In Trust-ACT, by conditioning a CVAE-based policy on

trust annotations, the model learns separate distributions for high, medium,

and low trust behaviors. This approach allows the robot to autonomously

adjust its motion style, for instance, generating one set of trajectories when

the behavior is intended to be trusted and another when it is not. In our

work, we opted to map high trust to fast, fluid, and confident movements,

while low trust corresponds to slower, jerky, more hesitant, or error-prone

trajectories. It is important to note that alternative mappings are conceivable.

For example, one might design a system where a drop in trust triggers the

robot to deliberately slow down or increase trajectory smoothness to rebuild

user confidence. However, in our current framework, the data collection was

configured so that high trust is associated with rapid and confident actions,

and low trust with less reliable and more erratic motions. Consequently, the

model learns to distinguish these behavior patterns directly from the human

demonstrations.

8.3.2 Task and Data Collection

To gather the necessary data for training Trust-ACT, we designed an experi-

mental task that involves sequentially stacking blocks arranged in a defined

workspace. The task setup includes four blocks: red, black, green, and white.

The robot is required to perform two stacking operations: placing the red

block onto the black block and the white block onto the green block. These op-

erations demand precise grasping, accurate positioning, and stable stacking,

making it an ideal scenario for observing how varying trust levels can affect

task execution. The task’s sequential nature highlights the influence of trust



8.3 trust-act : integrating trust in imitation learning 131

Figure 8.7: Block stacking demonstration: The UR10e robot performs a sequential
manipulation task: (left) placing the red block onto the black block,
(middle) retracting to reposition, and (right) approaching to grasp the
white outer block for stacking onto the green block.

on execution styles. Success is measured through binary task completion and

execution time, which reflect variations in trajectory smoothness, confidence,

and directness under different trust conditions. Figure 8.7 illustrates the task

sequence, emphasizing the grasping, retracting, and stacking phases.

To collect data for this task, we employed a two-person protocol. One

individual, the teleoperator, used the GELLO interface (Wu et al., 2023) to

generate human demonstrations, while a second individual, the observer,

continuously rated trust using the Trusty device. This division ensured

that the teleoperator could focus on performing specific behaviors, fast and

confident or slow, jerky and hesitant, while the observer independently

provided real-time trust assessments. This approach helped reduce bias and

ensured that the trust ratings reflected genuine external perceptions of the

robot’s performance.

To induce clearly differentiated trust ranges in the demonstrations, we

designed three main motion styles. High-trust demonstrations, with trust

values between 0.66 and 1.0, were executed with fast, fluid movements and

minimal hesitation. Medium-trust demonstrations (0.33–0.66) included slower,

more cautious maneuvers, while low-trust demonstrations (0.0–0.33) exhib-

ited hesitant, jerky, or error-prone movements. The teleoperator modulated

speed, path directness, and pauses to match these trust levels, prompting the

observer to maintain trust ratings within the corresponding numerical ranges.

In addition to these uniform high-, medium-, and low-trust runs, we also

captured mixed-behavior episodes in which the teleoperator changed styles

mid-episode. This approach yielded a more varied temporal distribution of

trust values within a single trial, adding diversity to the dataset. In total, we

recorded 120 episodes: 30 for each trust condition (high, medium, and low),

plus 30 mixed-behavior episodes.

The dataset was processed following the preprocessing methodology out-

lined in the ACT framework (Zhao et al., 2023), with models trained on a

NVIDIA RTX 4090 GPU. All episodes were synchronized, and both camera

feeds and control signals were recorded at 30 Hz.
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Figure 8.8: Overview of the proposed trust-aware imitation learning architecture.
The policy model (bottom) is based on a CVAE framework, where a latent
variable z is inferred from demonstrated actions and states (excluding
images), and a transformer-based decoder predicts future actions condi-
tioned on the latent, visual inputs from multiple cameras (ViT-encoded),
robot states, and an embedded trust label. The trust prediction model
(top right) processes the same camera views and actual actions to output
a continuous trust score for trajectories. At inference time, multiple can-
didate action trajectories can be generated by sampling from the latent
space and evaluated by the trust prediction model.

8.3.3 Trust-ACT: Trust-Conditioned Policy Architecture

Our policy model, Trust-ACT, builds upon the ACT (Zhao et al., 2023) frame-

work but introduces key modifications to integrate trust as an explicit condi-

tioning signal and evaluation metric. The Trust-ACT framework comprises

two core interacting model components:

1. A Trust-Conditioned Policy Model (πθ): Based on a CVAE, this model’s

primary role is to generate sequences of robot actions (ât:t+k) con-

ditioned on the current robot state (st), camera images (ct), a latent

variable (z), and crucially, a desired trust level (rt).

2. A Trust Prediction Model (νη): This model’s role is to evaluate a given

trajectory (composed of states st, images ct, and actions at:t+k) and

output a predicted trust score (r̂t).

Figure 8.8 illustrates the overall architecture, highlighting the data flow

between these components. Distinct from the original ACT framework, Trust-

ACT incorporates the desired trust level as an additional conditioning input.

Trust is represented as a categorical variable by binning the continuous

trust scores (provided by a human observer via the Trusty device during
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demonstration, see Section 8.3.2) into discrete classes (e.g., low, medium,

high). Each trust class rt is mapped to a learnable embedding vector. This

trust embedding is then concatenated with the visual features (from the

ViT-encoded camera images ct) and the robot state st, providing the decoder

with explicit information about the desired behavioral style associated with

that trust level.

Formally, the encoder qφ(z|at:t+k, st, rt) infers a latent variable z from the

demonstrated actions, state, and the corresponding trust class. The policy de-

coder πθ(ât:t+k|z, ct, st, rt) then predicts the action sequence conditioned on

the latent variable z, the visual inputs ct, the robot state st, and the embedded

desired trust label rt. We use a pre-trained ViT backbone (Dasari et al., 2023) to

embed camera images. The model is trained using a reconstruction loss Lrec

(MSE between predicted and demonstrated actions) and a Kullback-Leibler

(KL) divergence loss LKL between the learned latent distribution qφ(z|·) and

a prior N(0, I). Additionally, we incorporate a cosine learning rate scheduler

during training. The total loss is given by:

L = Lrec +βLKL, (8.1)

where β is a weighting term for the KL loss, adjusted via KL annealing

(discussed in Section 8.3.3.1) to help preserve the latent space structure.

8.3.3.1 Preventing Posterior Collapse

A common challenge in conditional generative models such as our CVAE-

based policy is posterior collapse, where the decoder ignores the latent

variable z because the rich conditional inputs (images, states, trust) provide

sufficient information for deterministic reconstruction. In our preliminary

experiments with the vanilla ACT framework, this issue rendered the latent

space ineffective for generating diverse behaviors.

To address this, we introduce a partial masking scheme during training.

Specifically, for a fraction p% of the samples in each training batch, the

conditional inputs (ct, st, and rt) are masked (set to zero). This forces the

decoder to rely more heavily on the latent variable z for reconstruction,

thereby preserving a diverse and meaningful latent space essential for our

sampling strategy. In addition, KL annealing (Fu et al., 2019) is employed,

gradually increasing the KL weight β during training to further mitigate

posterior collapse. Empirically, we found that setting p = 20% effectively

balances latent space preservation and stable training. The full training

procedure with the partial masking strategy is detailed in Algorithm 1.
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Algorithm 1: Trust-ACT with Partial Masking

Require: Demonstration dataset D, chunk size k, KL weight β, masking

probability p

1: Initialize encoder qφ(z|at:t+k, st, rt)

2: Initialize decoder πθ(ât:t+k|z, ct, st, rt)

3: for n = 1, 2, . . . do

4: Sample at:t+k, rt, st, ct from D

5: Sample z ∼ qφ(z|at:t+k, st, rt)

6: Draw m ∼ U(0, 1). If m < p, then set ct = 0, st = 0, rt = 0

7: Predict ât:t+k ∼ πθ(ât:t+k|z, ct, st, rt)

8: Lrec = MSE(ât:t+k, at:t+k)

9: LKL = DKL(qφ(z|at:t+k, st, rt)∥N(0, I))

10: Update φ, θ with Adam using L = Lrec +βLKL

11: end for

8.3.3.2 Trust Prediction and Best-of-n Sampling

Well-trained generative policies like the CVAE used in Trust-ACT produce

varied outputs for the same input condition due to sampling from the latent

space z. While this allows for diverse behaviors, it also means that not all

generated trajectories will be equally effective or reliable. A single suboptimal

sample could lead to task failure. To mitigate this and enhance performance,

Trust-ACT employs a best-of-n sampling strategy at inference time, guided

by the independently trained Trust Prediction Model (νη).

The rationale for using the trust predictor νη as the selection criterion stems

directly from our data collection methodology (Section 8.3.2). The policy πθ

learns to generate behaviors matching discrete trust classes (Low, Medium,

High). However, the trust predictor νη is trained on the continuous trust

scores [0,1] recorded via Trusty, which captured performance nuances even

within those discrete bins. For instance, smoother, faster, more successful

demonstrations within the ’High’ class were rated closer to 1.0 by the human

observer.

Therefore, νη learns to map observable trajectory features (actions at:t+k,

state st, vision ct) to a continuous score reflecting these performance-related

characteristics valued by the human. A higher predicted score r̂t from νη

indicates that a generated trajectory more closely resembles the successful,

efficient, and stylistically preferred demonstrations from the upper range of

its corresponding trust class.
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The best-of-n process works as follows:

1. For the current state (st, ct) and desired trust class (rt), sample N latent

codes z(i) ∼ N(0, I).

2. Generate N candidate action trajectories â
(i)

t:t+k using the policy decoder

πθ(·|z
(i), ct, st, rt).

3. Evaluate each candidate trajectory â(i) using the trust prediction model

νη to get a predicted continuous trust score r̂
(i)
t = νη(r̂t|â

(i)

t:t+k, st, ct).

4. Select the trajectory â∗ with the highest predicted trust score r̂
(i)
t for

execution:

â∗t:t+k = arg max
â
(i)
t:t+k

r̂
(i)
t . (8.2)

In essence, the predicted continuous trust score acts as a learned proxy

for performance quality and stylistic adherence within the target class. This

selection strategy leverages the fine-grained information embedded in the

continuous trust ratings from demonstrations to filter samples and choose

the execution predicted to be most performant and reliable, aligning with

the implicit human preferences captured during training. As shown in our

results (Section 8.3.4), this improves task success rates over single-sample

execution.

8.3.4 Experiment Results

In this section, we present the results of the Trust-ACT evaluation on the

block stacking task, focusing on trajectory characteristics, execution times,

and success rates across varying trust conditions and sampling strategies.

8.3.4.1 Trust Prediction Performance

We demonstrate the effectiveness of our trust prediction model in Figure 8.9,

comparing measured and predicted trust values throughout task execution.

The predicted trust successfully tracks the overall trends in measured trust,

particularly during stable periods, with smoother transitions between states.

The model’s ability to identify distinct trust regimes and capture fine-grained

trust variations within these regimes enables us to effectively select trajectories

in our best-of-n sampling strategy.
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Figure 8.9: Evaluation of the trust prediction model on a held-out validation episode,
comparing measured trust (solid blue line) and predicted trust (dashed
red line). The model captures three distinct trust levels: low trust (0.0–0.3),
moderate trust (0.3–0.6), and high trust (0.6–1.0). The model aligns well
with observed trust values across different trust states. During inference,
the trust prediction model uses predicted actions to evaluate and select
the best trajectory based on trust scores.
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Figure 8.10: Visualization of latent space trajectories across trust levels, showing
predicted task sequences of 100 time steps. We first perform PCA on the
encoder’s latent means over the dataset to identify principal directions
of variation. Trajectories are then generated by traversing the latent space
along the first principal component from near the origin. Colors indicate
the position along this traversal from start (red) to end (green). The top
row shows trajectories with partial masking (p=20%), demonstrating
diverse behavior patterns, while the bottom row (p=0%) shows collapsed
behavior without masking. The masking strategy effectively preserves
meaningful latent space structure.
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Table 8.3: Performance comparison of single vs repeated sampling (RS) strategies
across robotic trust levels (N=30 trials/condition). For each trust level: suc-
cess rates shown with and without RS, while execution times (mean±SD)
and failure modes [grasps (G), stacks (S), drops (D)] are reported for the
RS condition only.

Trust
Success Rate w. Time Failure Modes

w. RS w/o. RS Mean±SD (s) G S D

High 21/30 19/30 24.1±5.6 7 2 0

Medium 20/30 18/30 39.5±7.7 8 1 1

Low 20/30 17/30 51.4±8.2 7 2 1

8.3.4.2 Trajectory Analysis

In Figure 8.10, we visualize the impact of our partial masking scheme on

trajectory generation across trust levels. Each trajectory shows the predicted

motion for the first 100 time steps of the task, demonstrating how different

regions of the latent space correspond to distinct movement patterns. With

masking (p=20%, top row), the model generates diverse trajectories with dis-

tinct characteristics: high-trust trajectories exhibit decisive vertical movements

and direct paths, while low-trust trajectories show more cautious, exploratory

behavior. The medium-trust condition demonstrates intermediate character-

istics, balancing between confidence and caution. Without masking (p=0%,

bottom row), the trajectories collapse to nearly identical paths within each

trust level, demonstrating the effectiveness of our approach in maintaining a

meaningful and diverse latent space, which is a prerequisite for the best-of-n

sampling strategy to explore varied options.

8.3.4.3 Task Performance Analysis

Our results reveal a clear correlation between the trust level the policy

was conditioned on and the resulting task execution times, as shown in

Table 8.3. High-trust trajectories exhibited efficient completion times aver-

aging 24.1±5.6s, while medium and low-trust conditions resulted in progress-

ively longer execution times of 39.5±7.7s and 51.4±8.2s respectively. This

substantial variation (more than 2x difference between high and low trust)

demonstrates that the trust conditioning effectively modulates the robot’s

behavior, with high-trust settings leading to more confident and efficient

movements, consistent with the styles learned from demonstrations.
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8.3.4.4 Success Rates and Sampling Strategies

We evaluated the effectiveness of the best-of-n sampling approach, where

the trust prediction model selects the most promising trajectory among N

samples. This strategy leverages the predictor’s ability to identify trajectories

resembling the high-performance demonstrations within each trust class, as

discussed in Section 8.3.3.2. The results, shown in Table 8.3, demonstrate the

benefit of this approach across all trust levels. Repeated sampling (RS, using

best-of-n) consistently outperformed single-sample execution (w/o. RS) in

terms of task success. In high-trust scenarios, we achieved peak performance

with a 70% success rate (21/30) using RS, compared to 63% (19/30) without

RS, while maintaining the fastest execution times. Both medium and low

trust conditions demonstrated similar improvements, reaching 67% success

rates (20/30) with RS, compared to their non-RS counterparts of 60% and

57% respectively. Analysis of failure modes under RS conditions revealed that

grasp failures remained the most prevalent challenge across all trust levels,

followed by stacking failures, while drop failures were comparatively rare.

The similar distribution of failure modes across trust levels demonstrates that

our trust-based selection approach primarily improves reliability by choosing

better executions of the learned style, rather than fundamentally changing

the types of errors encountered. It successfully modulates execution style

while maintaining consistent baseline manipulation capabilities, regardless

of the trust condition.

8.4 discussion & conclusions

In this chapter, we introduced Trust-ACT, a trust-aware imitation learning

framework that integrates human trust signals directly into the robot’s policy

generation. Our motivation was to move beyond using trust as a purely

evaluative metric and instead leverage it as a conditioning variable that

can shape the robot’s motion style in real-time. We addressed three core

challenges: (1) demonstrating that trust conditioning can yield distinctly

different motion behaviors, (2) maintaining a meaningful latent space in a

CVAE-based policy despite rich conditional inputs, and (3) leveraging trust

predictions to select trajectories that optimize task success.

Our experimental results on a real-world block-stacking task showed clear

differentiation between high-trust (24.1s average completion), medium-trust

(39.5s), and low-trust (51.4 s) trajectories, confirming that trust conditioning

enables the robot to produce distinct motion styles. We further demonstrated
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how our partial masking scheme mitigates posterior collapse in the latent

space, ensuring that repeated sampling can uncover truly diverse candidate

trajectories. By pairing this sampling approach with a trust prediction model,

we achieved up to a 70% success rate in high-trust scenarios and observed

consistent improvements in medium- and low-trust conditions as well.

While our results demonstrate that trust-conditioned policies can effectively

modulate behavior in a block-stacking task, our evaluation is limited to this

single scenario. Future work should apply Trust-ACT to a wider variety of

robotic tasks to confirm its generality and robustness in different settings.

Additionally, our current mapping pairs high trust with fast, fluid movements

and low trust with slower, more hesitant, jerky actions. Other mappings are

possible, for instance, the robot could slow down and smooth its motions

when trust drops, actively working to regain user confidence. Future studies

should explore these alternatives to refine trust-conditioned behaviors in real

time.

The AMIGA platform enabled data collection and validation for Trust-ACT

by providing the necessary infrastructure for integrating the UR10e arm,

sensor suite, and teleoperation interfaces. This integration, combined with the

Trusty device for trust annotation and GELLO for demonstration collection,

allowed us to gather the data required to evaluate trust-conditioned policies

in our block stacking tasks.

Having demonstrated Trust-ACT’s capabilities for integrating trust into

robotic policies, we now turn to Chapter 9 to synthesize the broader contri-

butions of this thesis and explore future research directions. The following

chapter will reflect on how our various contributions collectively advance

trust in human-robot interaction while discussing limitations and promising

avenues for future work.
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C O N C L U S I O N S A N D F U T U R E W O R K

9.1 summary of contributions

In this thesis, we investigated the role of trust in Human-Robot Interac-

tion (HRI), particularly in the context of assistive robotics, where effective

collaboration between humans and robots is essential for achieving safe and

reliable outcomes. Our central objective was to address gaps in the existing

literature by developing and evaluating new methods to measure and predict

trust in real-world human-robot scenarios. Through experimental platforms,

novel measurement tools, and machine learning approaches, we advanced

methods for measuring and modeling trust while demonstrating how trust

signals can be integrated into robotic learning to improve HRI.

Our first contribution is an extensive review of empirical research on

trust in HRI. By analyzing empirical studies, we identified patterns in how

trust is studied and revealed opportunities where experimental approaches

involving direct physical interaction could complement existing work. While

prior research has provided valuable insights, many studies relied on passive

observation or controlled environments where participants watched videos or

filled out surveys about robots rather than physically interacting with them.

Furthermore, across diverse experimental conditions and robot platforms,

performance consistently emerged as the dominant factor influencing trust.

This review established the need for new experimental methods and tools,

forming the basis for the work that followed.

Our second contribution centers on experimental platforms designed to

study trust through hands-on human-robot collaboration. The autonomous

wheelchair platform immersed participants in a real-world navigation task

where they actively depended on the robot’s decisions for safety and effi-

ciency. Unlike observing videos or simulations, this setup created a tangible

experience where participants gathered rich, multi-modal feedback from the

robot’s behavior in a real-world environment. By experiencing the wheel-

140
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chair’s navigation decisions firsthand, participants developed a nuanced

understanding of the system’s capabilities through direct physical interaction,

reacting to its movements, errors, and successes in real time. The experi-

mental design carefully balanced standardized conditions across trials with

the natural variability and challenges of an office environment. Addition-

ally, we designed and built AMIGA, a mobile manipulation platform that

integrates a robotic arm with a wheelchair base at a fraction of the cost of

commercial alternatives. Together, these platforms enabled studying trust

through authentic physical interactions between humans and robots.

One key improvement in our work is the introduction of Trusty, a novel

handheld device for continuous trust measurement. Trusty enables users to

provide real-time trust feedback, offering a richer and more detailed view

of trust than traditional discrete measurement approaches. Experimental

validation demonstrated that Trusty correlates strongly with established trust

metrics while providing a more detailed view of trust dynamics throughout

the interaction. Importantly, Trusty also provides a practical and efficient

way to collect high-quality labeled trust data, filling a critical gap in the

field. Trusty offers a new way to capture continuous trust in real-world

settings, addressing a gap in previous methods and offering valuable data

for developing and training trust models.

Building on the data collected through these platforms, we trained a multi-

modal transformer architecture for trust prediction. The model integrates

diverse and complementary data streams — including video, eye gaze track-

ing, physiological signals, and wheelchair telemetry — to effectively capture

the multifaceted nature of trust. Trust can be inferred in various ways: visual

cues indicative of the robot’s performance, attention patterns indicated by eye

gaze, and physiological responses to the robot’s behavior. The architecture’s

ability to learn directly from these diverse data streams reduces the need for

manual feature engineering while capturing subtle patterns in the data. To

further enhance its capabilities, the model employs auxiliary perceptual tasks,

enabling it to extract contextual features that reflect both the robot’s state and

the user’s environment. This approach not only improves predictive accuracy

but also demonstrates the importance of treating trust as a multi-dimensional

phenomenon that relies on diverse sources of information. The inclusion of

eye-gaze data, in particular, proved invaluable, highlighting how attention

and focus contribute significantly to understanding trust dynamics

Finally, we developed Trust-ACT, which integrates trust measurements into

imitation learning. The approach extends the ACT framework by conditioning

a Conditional Variational Autoencoder (CVAE)-based policy on trust labels
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obtained through Trusty. To maintain diversity in the generated behaviors, we

introduced a partial masking scheme during training that prevents posterior

collapse in the latent space. We simultaneously train a trust prediction model,

which processes visual input and proposed actions to evaluate trajectories.

At inference time, multiple trajectories are sampled and evaluated using

the trust prediction model, enabling selection of higher-performing trajector-

ies based on predicted trust scores. This was validated using the Assistive

Mobile Interactive Grasping Agent (AMIGA) platform and a block-stacking

manipulation task.

In summary, we contribute to the field of trust in HRI by providing a

practical, data-driven approach to studying, measuring, predicting, and in-

tegrating trust into robotic systems. By developing experimental platforms,

introducing tools for continuous trust measurement, and creating trust-aware

computational models, we address key challenges in understanding and

applying trust in robotics.

9.2 limitations

While we have demonstrated several advances, there are notable limitations:

• Sample Size & Generalizability: Our real-world experiments involved

relatively small participant cohorts. Larger and more diverse popula-

tions would enhance statistical power and applicability across demo-

graphics, cultures, and user experiences.

• Task-Specific Focus: Our studies primarily investigated wheelchair-

based navigation and block-stacking with a mobile manipulator. Trust

behaviors and requirements in other assistive domains (e.g., meal as-

sistance, home healthcare) may differ significantly.

• Laboratory-Like Settings: While our environments were more realistic

than pure simulation, they still involved semi-controlled spaces (offices,

labs). True in-the-wild deployment in highly dynamic settings could

produce different trust outcomes or sensor interferences.

• Model Evaluation Scope: While our initial results are promising, fu-

ture work would benefit from additional baseline comparisons and

ablation studies. Expanding the evaluation to include classical methods

and investigating the contribution of different architectural compon-

ents could provide valuable insights. This expanded validation would

require additional computational resources and demonstration data.



9.3 future directions 143

9.3 future directions

Based on these findings and limitations, we outline several promising avenues

for future research:

• Trust-Based Metric Design The Trusty device could be leveraged to

design and validate trust-aligned performance metrics across different

robotic domains. By correlating continuous trust measurements with

various objective metrics, researchers can identify which quantitative

measures best reflect user preferences and experiences. This approach

could be particularly valuable in domains where standard performance

metrics may not fully capture the quality of human-robot interaction.

• Trust Prediction in Navigation The multi-modal video transformer ar-

chitecture developed for trust prediction could be extended to autonom-

ous and semi-autonomous navigation tasks. One promising direction

is to investigate the relationship between eye-gaze patterns and trust

in driving scenarios, potentially leading to the development of object-

ive metrics based on attention dynamics. This could provide real-time

assessment of user trust during autonomous vehicle operation.

• Scaling Trust-ACT Current implementations of Trust-ACT are limited

in both task diversity and dataset size. Future work should focus on

expanding the approach to a broader range of manipulation tasks

and collecting larger demonstration datasets. This scaling would help

validate the generalizability of trust-conditioned policies and potentially

reveal task-specific patterns in trust-performance relationships.

• Interactive Learning and Preference-Based Methods: Adding inter-

active or preference-based approaches (e.g., humans provide feedback

on preferred trajectory styles) could further refine trust-conditioned

policies and align them with user values.

9.4 concluding thoughts

Throughout this thesis, we have explored various dimensions of trust in

HRI, particularly in the context of assistive robotics. Our work has advanced

methods for measuring and predicting trust, from traditional questionnaires

to real-time, continuous tracking with tools like Trusty. These efforts were

integrated into machine learning models to incorporate trust measurements

into robotic processes.
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However, our findings highlight a crucial insight: while detailed models of

trust are valuable for enhancing collaboration, reliable performance remains

the foundation for trust-building. Our experiments demonstrated that con-

sistent and dependable robot behavior was key to gaining trust, while poor

performance quickly undermined it. This confirms what prior research has

shown: dependable performance is the essential first step in establishing trust

in robots, particularly in assistive environments.

Trust, ultimately, is not "designed" — it is earned through repeated demon-

strations of competence. It appears that a substantial portion of the effort

in creating trustworthy robots, perhaps a large initial focus, should be on

ensuring the robot performs its intended tasks consistently and effectively.

Only after robots have shown consistent reliability can trust models effect-

ively improve collaboration. Future research should focus on creating robust,

reliable systems that work as expected and clearly communicate their actions.

This approach will help develop robots that users can trust and rely on as

helpful partners in everyday life.
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H U M A N - R O B O T I N T E R A C T I O N T R U S T

Q U E S T I O N N A I R E S

This appendix presents the TOAST, TiA, and TPS questionnaires that we used

to assess key trust dimensions in HRI, as discussed in Chapters 5 and 6.

To investigate the dimension of trust in HRI, we conducted experiments in

a real-world setting. In these experiments, adult participants interacted with

robots within our research lab. In accordance with established methodologies

in HRI and trust research, we evaluated the findings using questionnaires

and verbal self-reports from the participants. These tools were designed

to measure key factors, including performance-based trust and inclination

towards trust, among other variables. During the experiment, the participants

filled out these questionnaires on a computer using Microsoft Forms.

trust in automated systems test questionnaire

The Trust in Automated Systems Test (TOAST) scale, developed by Wojton

et al. (2020), is designed to measure two key dimensions of trust in automated

systems: understanding the system and system performance. The scale under-

went rigorous testing for model fit and was validated against existing trust

metrics. It consists of nine survey questions that are sorted into categories

based on these two dimensions, as shown below in the table A.1:

Table A.1: Trust in Automated Systems Test Questionnaire by Wojton et al. (2020)

Item Scale

I understand what the system should do. System Understanding

I understand the limitations of the system. System Understanding

I understand the capabilities of the system. System Understanding

I understand how the system executes tasks. System Understanding

The system helps me achieve my goals. System Performance

The system performs consistently. System Performance

The system performs the way it should. System Performance

I am rarely surprised by how the system responds. System Performance

I feel comfortable relying on the information provided by the system. System Performance
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trust in automation questionnaire

The Trust in Automation (TiA) scale, introduced by Körber (2019), encom-

passes five distinct subscales: Trust, Reliability or Competence, Understand-

ing, Intention of Developers and Familiarity. These subscales are made up of

two to four items each, totalling 19 items. While previous research has often

concentrated on the aspects of reliability and trust, each subscale can also be

examined separately. Additionally, an aggregated score from all 19 items can

serve as a comprehensive measure of trust. Table A.2 categorizes the items

under their respective subscales.

Table A.2: Trust in Automation Questionnaire by Körber (2019)

Item Scale

The system is capable of interpreting situations correctly. Reliability/Competence

The system works reliably. Reliability/Competence

A system malfunction is likely.* Reliability/Competence

The system is capable of taking over complicated tasks. Reliability/Competence

The system might make sporadic errors.* Reliability/Competence

I am confident about the system’s capabilities. Reliability/Competence

The system state was always clear to me. Understanding/Predictability

The system reacts unpredictably.* Understanding/Predictability

I was able to understand why things happened. Understanding/Predictability

It’s difficult to identify what the system will do next.* Understanding/Predictability

I already know similar systems. Familiarity

I have already used similar systems. Familiarity

The developers are trustworthy. Intention of Developers

The developers take my well-being seriously. Intention of Developers

One should be careful with unfamiliar automated systems.* Propensity to Trust

I rather trust a system than I mistrust it. Propensity to Trust

Automated systems generally work well. Propensity to Trust

I trust the system. Trust in Automation

I can rely on the system. Trust in Automation

* indicates inverse item

trust perception scale questionnaire

The Trust Perception Scale (TPS) by Schaefer (2016) is designed for robot

interactions, capturing trust levels both before and after user engagement.

Unlike traditional scales that rely on self-reported attitudes, the TPS asks

participants to estimate the likelihood of a robot meeting specific criteria. The

scale consists of 40 items and also includes a 14-item subset for more targeted

research. We utilized the 14-item subscale, as shown in A.3.
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Table A.3: Trust Perception Scale by Schaefer (2016)

What % of the time will this robot be...

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

1. Dependable 0 0 0 0 0 0 0 0 0 0 0

2. Reliable 0 0 0 0 0 0 0 0 0 0 0

3. Unresponsive 0 0 0 0 0 0 0 0 0 0 0

4. Predictable 0 0 0 0 0 0 0 0 0 0 0

What % of the time will this robot ...

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

5. Act consistently 0 0 0 0 0 0 0 0 0 0 0

6. Function successfully 0 0 0 0 0 0 0 0 0 0 0

7. Malfunction 0 0 0 0 0 0 0 0 0 0 0

8. Provide feedback 0 0 0 0 0 0 0 0 0 0 0

9. Have errors 0 0 0 0 0 0 0 0 0 0 0

10. Meet the needs of the mission/task 0 0 0 0 0 0 0 0 0 0 0

11. Provide appropriate information 0 0 0 0 0 0 0 0 0 0 0

12. Communicate with people 0 0 0 0 0 0 0 0 0 0 0

13. Perform exactly as instructed 0 0 0 0 0 0 0 0 0 0 0

14. Follow directions 0 0 0 0 0 0 0 0 0 0 0

verbal-self trust report

We used a self-reported verbal trust measure in our study to continuously

assess the participants’ level of trust. Participants were asked the specific

question:

How much did you trust the robot to navigate you through this section?

Responses were captured on a 1 to 7 Likert scale. This approach is consistent

with established methodologies in the domain of trust research. Custom

self-report scales, often featuring a single item on a Likert or sliding scale,

are commonly used for measuring trust as they can be adapted to various

experimental settings Kohn et al. (2021).
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T R A I N I N G H Y P E R PA R A M E T E R S F O R M U LT I - M O D A L

T R A N S F O R M E R

This appendix lists the training and augmentation hyperparameters for the

multi-modal transformer that we trained for predicting trust in Chapter 7.

augmentations

Table B.1: Training data augmentation parameters. This table lists the probability
of application and specific parameters for each augmentation used to
enhance the robustness of the model against variations in input data.

Augmentation Probability Parameters

CropAndPad 0.2 Percent: 0.05

Blur 0.2 Limit: 4

Perspective 0.2 Scale: [0.05, 0.1]

Brightness 0.2 Limit: [-0.2, 0.2]

Sharpen 0.2 Alpha: [0.2, 0.5], Lightness: [0.5, 1.0]

Affine 0.2 Translate: [-0.1, 0.1]

Emboss 0.2 Alpha: [0.2, 0.5], Strength: [0.2, 0.7]

HueSaturationValue 0.2 Hue Shift Limit: 20,

Sat Shift Limit: 30,

Val Shift Limit: 20

training hyper-parameters

Table B.2: Model Training Hyperparameters

Hyperparameter Value

General

Batch Size 12

Training Epochs 35

Sequence Length 200

Stride 100

Downsample Factor 2

Optimizer

Type AdamW

Initial Learning Rate 0.001

Weight Decay 0.01

Betas (0.9, 0.999)

Eps 1e-08
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Table B.2: Model Training Hyperparameters (continued)

Hyperparameter Value

Learning Rate Scheduler

Scheduler Type CosineAnnealingLR

T max 35

Eta min 0.00001

Warmup Steps 500

Vision Model

Model ViT

Pretrained TRUE

Image Size Input 224

Number of Channels 3

Patch Size 16

Hidden Size 768

Hidden Layers 12

Number Attention Heads 12

Intermediate Size 3072

Hidden Activation Gelu

Layer Norm Eps 1.00E-12

Initializer Range 0.02

Encoder Stride 16

Hidden Dropout Prob 0.0

Attention Dropout Prob 0.0

Projector

Model MLP

Number Of Layers 2

Hidden Size 256

RMS Norm Eps 1.00E-06

Hidden Activation Relu

Sequence Model

Number Of Blocks 4

Intermediate Size 512

Hidden Size 128

Number Attention Heads 8

Number Key Value Heads 8

Max Position Embeddings 200

Hidden Activation Silu

Initializer Range 0.02

RMS Norm Eps 1.00E-06

Attention Dropout 0.0

Task Head

Model MLP

Number Of Layers 1

Hidden Size 256

RMS Norm Eps 1.00E-06

Fusion Module

Model MLP

Number Of Layers 1

Hidden Size 256

RMS Norm Eps 1.00E-06



C
A M I G A S Y S T E M D R AW I N G S

In this appendix, we present the high-level technical drawings of the AMIGA

mobile manipulation platform. These drawings directly support the system

design and integration described in Chapter 8 (see Section 8.2.3 for details on

the software and control architecture). In particular, we used the assembly

drawing (original A1 format) and the exploded view (original A2 format) to

create the URDF model for simulation, and these guided our implementation

decisions in the main text.

The following pages include:

• An assembly drawing showing front, side, and top views of AMIGA.

• An exploded reference view that details the system integration and

major components.

We have scaled the drawings to A4 size while maintaining aspect ratios.
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D
T R A I N I N G H Y P E R PA R A M E T E R S F O R T R U S T- A C T

In this chapter, we detail the hyperparameters we used in training the Trust-

ACT model described in chapter 8, including both image augmentation

strategies and model architecture configurations.

image augmentation configuration

We applied the following augmentations to enhance the robustness of the

model’s visual processing capabilities. These augmentations were carefully

selected to maintain the semantic validity of the robot’s visual inputs while

introducing meaningful variations.

Table D.1: Image Augmentation Parameters and Their Configuration Values

Category Parameter Value Probability

Global Settings

Interpolation bilinear -

Image Size [224, 224] -

Normalization Mean [0.485, 0.456, 0.406] -

Normalization Std [0.229, 0.224, 0.225] -

Camera Augmentations

RandomBrightnessContrast Brightness: [0.7, 1.3]

Contrast: [0.7, 1.3]

0.5

GaussianBlur Blur Limit: [3, 7]

Sigma Limit: [0.1, 2.0]

0.4

Affine Scale: [0.9, 1.1]

Translate: [0.0, 0.1]

Rotate: [-10, 10]

0.4

HueSaturationValue Hue Shift: 0.1

Saturation Shift: 0.1

Value Shift: 0.1

0.3

Rotate [-10, 10] 0.3
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model architecture and training configuration

The model architecture and training parameters were chosen to optimize for

both performance and computational efficiency. The configuration reflects a

balance between model capacity and training stability.

Table D.2: Model Architecture and Training Configuration

Hyperparameter Value

Architecture

Backbone Model ViT

Hidden Dimension 256

Latent Dimension 8

Feedforward Dimension 2048

Number of Encoder Layers 4

Number of Decoder Layers 4

Number of Attention Heads 8

Dropout Rate 0.1

Number of Action Steps 100

Mask p 0.2

Training Configuration

Optimizer AdamW

Learning Rate (Transformer) 3e-4

Learning Rate (Backbone) 3e-4

Weight Decay 1e-4

Batch Size (Train) 64

Batch Size (Val) 64

Number of Epochs 500

Train Split 0.8

Learning Rate Schedule

Scheduler Type warmup + cosine

Warmup Steps 1750

Backbone Min LR Ratio 0.01

Transformer Min LR Ratio 0.1

Backbone Warmup Start Ratio 0.001

Transformer Warmup Start Ratio 0.01

KL Schedule

KL Scheduler Type cyclic

Min KL Loss Weight 0.001

Max KL Loss Weight 0.07

Epochs per Cycle 50



E
I PA D C O N T R O L L E R I N T E R FA C E P R O T O T Y P E

In this appendix, we present an early prototype iPad application that we de-

signed to enhance HRI for the ARTA wheelchair platform. While this interface

demonstrated potential paths for improving user engagement and situational

awareness, we later superseded this work with the use of mobile eye-tracking

glasses (see Chapters 4 and 7), which provided more comprehensive gaze data

collection capabilities that proved valuable for trust assessment as described

in the main chapters.

The prototype interface included two primary modes. The basic control

mode, as shown in figure E.1, provided a virtual joystick for manual wheel-

chair control and incorporated real-time gaze tracking through ARKit. While

this offered initial insights into user attention patterns, the subsequent use of

dedicated eye-tracking glasses enabled more precise and reliable gaze data

collection that better supported our trust research goals.

Figure E.1: Basic control mode with face tracking and virtual joystick control.
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Figure E.2: Enhanced navigation mode with environmental mapping and object
detection.

The enhanced navigation mode (figure E.2) offers an augmented view by

combining live video from the wheelchair’s camera with object detection

and mapping. The iPad screen displays a map of the environment, showing

detected objects and the wheelchair’s position. This mode is intended to

give users a more comprehensive understanding of their surroundings and

the robot’s “view” of the environment, which could support more informed

navigation decisions. 1

Built with Swift, UIKit, and ARKit, the application communicates with

the Robot Operating System (ROS) ecosystem through ROSSwift Gustafsson

(2020), a Swift library that enables WebSocket-based interaction with the

ROS master node. Object detection (YOLOv5), mapping, and control of the

robot are handled directly on the robot using the ROS navigation stack, with

relevant data streamed to the iPad app for display and interaction.

The implemented features demonstrate the potential of mobile interfaces

to enhance human-robot interaction through intuitive control and real-time

environmental feedback. While the ARKit-based gaze tracking explored

here was eventually replaced by dedicated eye-tracking glasses in our main

studies, this early interface work contributed to our understanding of how

visual feedback and attention monitoring could support trust development

in human-robot interactions.

1 Video demonstrations of the interface are available on YouTube: Basic Control Mode, Enhanced
Navigation Mode, and App Screen Recording.



F
R E P O S I T O RY A N D V I D E O R E S O U R C E S

github repositories

The following repositories contain the implementation code for key compon-

ents of this thesis:

Table F.1: GitHub repositories associated with key thesis components. Each reposit-
ory corresponds to a key contribution described in specific thesis chapters,
providing code, documentation, and research artifacts.

Repository Description

trust-in-hri-review-
data

Dataset and classification frameworks used in
Chapter 3 for analyzing 689 HRI trust studies
(2015-2024). Includes data processing scripts and
documentation of the review methodology.

trusty_trust_recorder Hardware design files and ROS package for the
Trusty continuous trust measurement device in-
troduced in Chapter 6. Contains Arduino firm-
ware, ROS nodes for data acquisition, and as-
sembly instructions.

multi-modal-video-
transformer

Implementation of the multi-modal transformer
architecture from Chapter 7 for trust prediction.
Features transformer models for fusing video,
gaze, and physiological data streams.

trust_act Trust-ACT framework developed in Chapter 8

for trust-aware imitation learning. Includes
CVAE policy model, trust predictor, and
sampling infrastructure for the AMIGA plat-
form.

Each repository provides documented implementations of key thesis com-

ponents, ranging from data analysis tools to deep learning models. The code

includes instructions and examples to support future research and extensions.
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video demonstrations

The following videos highlight demonstrations, setups, and technologies

developed in this thesis:

Table F.2: Video demonstrations showcasing experimental platforms, research results,
and interface prototypes described in this thesis.

Topic Description

Wheelchair
Performance
Comparison

A side-by-side comparison of the wheelchair nav-
igation behavior under good and bad perform-
ance profiles during the first checkpoint segment.
Highlights the influence of reliability on trust.

Autonomous
Navigation System

A complete demonstration of the autonom-
ous wheelchair system navigating the exper-
imental office environment, showcasing real-
world obstacles and key decision points.

MoveIt Control on
AMIGA

Demonstrates the integration of ROS and MoveIt
for collision-free motion planning and manipula-
tion tasks on the AMIGA manipulator platform.

Apple Vision Pro
Interface

An experimental control interface using Apple
Vision Pro’s hand tracking capabilities for direct
robot teleoperation, emphasizing intuitive and
flexible manipulation control.

GELLO-Based
Teleoperation

A demonstration of the GELLO-based control
interface, allowing precise, scaled physical ma-
nipulation of AMIGA using a kinematically equi-
valent scaled robot arm.

Trust-ACT Robot
Trajectories

Visualization of robot trajectories generated un-
der different trust levels (low, medium, high),
illustrating variations in movement confidence
and caution during stacking tasks.

Prototype Interface Demonstrations (Appendice E)

iPad Basic Control Demonstration of the iPad interface’s basic con-
trol mode with face tracking and virtual joystick.

iPad Enhanced
Navigation

Showcase of the enhanced navigation mode fea-
turing environmental mapping and object detec-
tion integration.

iPad Interface
Overview

Complete screen recording of the iPad applica-
tion demonstrating all features and modes.
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