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As robots integrate into everyday life, they must not only be able to execute a variety of
tasks, but must also align their behavior with the varying preferences of non-expert users
with whom they collaborate. Because these preferences are often unknown prior to an inter-
action, robots must be able to learn from non-expert users during collaborations. However,
traditional robot learning frameworks often overlook the fact that these collaborations occur
within a dynamic social context — a complex interplay of factors related to the agents, their

environments, and associations between them.

This dissertation argues that the social context is not merely a backdrop for interaction,
but an active mechanism that can be leveraged and shaped to improve robot learning. We
contribute a formal taxonomy for the “social context of a human-robot interaction” to
provide a unified language for the field. We then interpret and influence the social context

in different ways to improve robot learning.

We demonstrate that robots can actively influence the social context to influence how
human collaborators provide explicit feedback through the framing and timing of reminders.
Then, we show that we can extract additional informative signals that humans “leak™ as
part of the social context during interactions. We develop models that incorporate this
socially contextual information to more accurately predict human preferences over agent
behaviors. Additionally, we facilitate combining these types of feedback by contributing

the REACT database, a multimodal collection of human reactions and evaluative feedback



captured over time during two different interaction scenarios. Finally, we propose a novel
mathematical formulation of human preferences over a collaboration and introduce a model
to learn from both explicit and implicit human feedback, combining different signals from

the social context of the collaboration.

Ultimately, this work demonstrates that by actively engaging with and exploiting the
social context of a human-robot interaction, robots can leverage more feedback from
non-expert users without increasing human’s teaching burden during human-robot collabo-

rations.
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In loving memory of Grammy and Gigi — thanks for the kindling.

“For the mind does not require filling like a bottle, but rather, like
wood, it only requires kindling to create in it an impulse to think
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— PLUTARCH
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Chapter 1

Introduction

Historically, the field of robotics envisioned robots doing tasks that are defined by the “3Ds”:
dirty, dull, and dangerous [237]. In these situations, the robot operates as an autonomous
tool, often in isolation, and success can be measured by objective functional metrics, such
as speed or task completion. For example, a manufacturing robot operates in a safety cage

and can learn to place a screw through millions of isolated repetitions.

However, as robotics transitions into everyday human environments, the “3Ds” are
being replaced by tasks that are inherently social and collaborative. In these settings,
success is subjective. A robot assisting a human in a kitchen must align its behavior with
the personal preferences of its partner. Because these preferences are individual and often
unknown prior to an interaction, robot behavior cannot be pre-programmed. Thus, robots
must be able to learn to adapt their behavior during collaborations with partners who are

not necessarily experts in robot learning.

In order to learn, robots need feedback. The American Psychological Association
defines feedback as “information about a process or interaction provided to the governing

system or agent and used to make adjustments that eliminate problems or otherwise optimize



functioning” [343]]. Robots can get this information from both explicit and implicit human
feedback. We define explicit feedback as signals that are directly communicated with the
specific intent of providing information to guide the robot’s performance. Specifically,
this dissertation will focus on feedback conveyed through direct channels, such as button
presses for evaluative feedback. On the other hand, implicit human feedback encompasses
a wide range of communicative signals inadvertently conveyed during interactions, without
the explicit intent to convey information about the robot’s performance. One key difference
between explicit and implicit human feedback lies in the fact that the meaning of explicit

feedback is apparent, whereas the meaning of implicit feedback must be inferred.

Robots typically learn from humans via explicit feedback, such as evaluative feedback
[190], preferences [38], demonstrations [112], or corrections [137]. However, relying
solely on these types of explicitly provided feedback poses challenges in human-robot
interactions. Most notably, explicit feedback from a human teacher is sparse. Expanding
from humans solely as teachers to humans as active collaborators exacerbates this sparsity
problem. Additionally, explicit feedback can take time and attention away from the person’s

own tasks during a collaboration with a robot and interrupt the flow of an interaction.

These challenges with human feedback make it difficult to apply standard learning
approaches to human-robot collaborations. Traditional robot learning has demonstrated
that success can be achieved through volume: high-fidelity simulations and “robot farms”
provide the millions of iterations required for reinforcement learning. However, these
approaches fail when a robot is trying to learn from a human for two reasons. First,
while we can simulate the physics of a pick-and-place task, we cannot yet simulate the
nuance and unpredictability of human behavior. Recent work has explored utilizing large-
language models (LLMs) to help model humans, to varying success [368]. However, it

is unreasonable to expect that a simulation would be able to simulate any one particular



person’s preferences and behavior. Second, unlike a robot as part of a “robot farm”, a human
collaborator cannot be expected to endure endless repetitions of a task for the learning
process. A proposed solution is to deploy robots out across thousands of homes, but that is

not going to help adapt to individual proclivities.

In other words, we cannot solve the data scarcity problem in human-robot interactions

with volume alone. We need a way to extract more information from fewer interactions.

We argue that the key to this data problem lies in the dynamic social context of
human-robot collaborations — a complex interplay of factors related to the agents, their en-
vironments, and the associations between them. This social context is viewed as something
that makes learning in human-robot collaborations more difficult, but we argue that it is
actually an opportunity. This dissertation argues that the social context is not merely
a backdrop for interaction, but an active mechanism that can be leveraged and
shaped to improve robot learning. By viewing the interaction through a formal taxon-
omy of social context, we can enable robots to actively influence, interpret, and integrate
human feedback — turning real collaborations into data-rich learning opportunities. Figure
[I.T]illustrates an example human-robot collaboration and outlines how we can use social

context to extract feedback to facilitate better robot learning.

1.1 Outline

This dissertation begins with an overview of relevant background, highlighting the chal-
lenges with robot learning during collaborations with non-expert robot users. We then
formally define the “social context of human-robot interactions” and show different ways

to interpret and influence the social context to improve robot learning.



Figure 1.1: Illustrative human-robot collaboration. This dissertation explores how robots
can use a novel definition of the “social context of a human-robot interaction” to extract
additional feedback from collaborations for learning. We explore this through three different
channels. (a) First, we explore solicited explicit signals via robot reminders for more
feedback (Chapter ). (b) Then, we analyze leaked implicit signals via human nonverbal
communicative signals (Chapter[5). Third, we interpret the physical actions a human takes
during collaborations as implicit signal and combine those signals with explicitly provided
feedback via evaluative button presses (Chapter [7)).

(CHAPTER [2)) RELATED WORK| We begin with an overview of relevant background in

human-robot interaction and the three key building blocks scoping this dissertation: robot
learning, human-robot collaborations, and non-expert robot users. This chapter includes a
discussion of challenges when learning during collaborations with non-expert users. We
describe related approaches in this area and highlight the key limitations that we aim to

address.

(CHAPTER [3) [THE SOCIAL CONTEXT OF HUMAN-ROBOT INTERACTIONS]| In this

chapter, we begin by surveying the HRI literature for existing definitions and uses of the
term “social context”, highlighting the opportunity for consistent language. Drawing from
this survey, we propose a conceptual model for describing the social context of a human-

robot interaction. We demonstrate the utility of this model by applying it to existing work,



and provide a taxonomy for the different attributes of the social context. We discuss a range
of attributes of social contexts that can help researchers before, during, and after interactions.
We conclude with a discussion of open research questions related to understanding and
modeling the social contexts of human-robot interactions. This work is forthcoming in

Volume 9 of the Annual Review of Control, Robotics, and Autonomous Systems [327]]:

“The Social Context of Human—Robot Interactions,” S. Thompson, K. Can-
don, and M. Vazquez. In Annual Review of Control, Robotics, and Au-

tonomous Systems, 9. 2025.

(CHAPTER {)) SOLICITING EXPLICIT SIGNALS|. To demonstrate how robots can actively

shape the social context to solicit more explicit feedback for learning, we present a user
study exploring how a robot can remind a person to provide feedback during a collaboration.
The social context includes attributes such as the robot’s utterances, the human’s actions,
and the human’s perceptions about the robot. By manipulating the framing and timing
of reminders, the robot is able to influence how the human provides explicit feedback,
which could be used for learning. This contribution provides empirical evidence for our
core thesis: by strategically acknowledging and manipulating the attributes that define an
interaction’s social context, a robot can shape human behavior to influence the amount of
feedback it receives during ongoing collaborations. This experiment was published in the

2023 ACM/IEEE International Conference on Human-Robot Interaction [57]:

“Verbally soliciting human feedback in continuous human-robot collabo-
ration: FEffects of the framing and timing of reminders,” K. Candon, H.
Zhou, S. Gillet, and M. Vazquez. In Proceedings of the 2023 ACM/IEEE

International Conference on Human-Robot Interaction (HRI), 2023.

(CHAPTER [3) [NTERPRETING FACIAL EXPRESSIONS AS IMPLICIT SIGNALS|. Another



https://www.annualreviews.org/docserver/fulltext/10.1146/annurev-control-030623-015506/annurev-control-030623-015506.pdf
https://dl.acm.org/doi/pdf/10.1145/3568162.3576980
https://dl.acm.org/doi/pdf/10.1145/3568162.3576980

way to leverage the social context to facilitate better robot learning during collaborations
is to interpret additional information that participants “leak™ as feedback about robot
behavior. Using data collected while participants played an online game with a robot, we
evaluated whether the inclusion of nonverbal human signals, as well as additional context
(e.g., via game or personality information), led to improved prediction of user preferences
between agent behaviors compared to explicitly provided survey responses. Our results
suggest that nonverbal communication, a common type of human implicit feedback, can
aid in understanding how people want computational agents to interact with them. These
findings were published in the 2023 International Conference on Autonomous Agents and

Multiagent Systems [56]:

“Nonverbal Human Signals Can Help Autonomous Agents Infer Human
Preferences for Their Behavior,” K. Candon, J. Chen, Y. Kim, Z. Hsu, N.
Tsoi, and M. Vazquez. In Proceedings of the 2023 International Conference

on Autonomous Agents and Multiagent Systems (AAMAS), 2023.

(CHAPTER [0) [TWO DATASETS FOR ANALYZING IMPLICIT AND EXPLICIT SIGNALS]

[TOGETHER]. We have shown that by examining interactions through the lens of the social
context, both implicit and explicit human signals can be extracted as feedback for learning
during human-robot collaborations. To facilitate future research in this direction, we
contribute the REACT database, a collection of two datasets of human-robot interactions
that display users’ natural reactions and explicitly provided feedback to robots during a
collaborative game and a photography scenario. We analyze the datasets to show that the
interaction history is an important attribute of the social context that can influence human
reactions to robots. The dataset and analyses were presented as a short contribution at the

2024 ACM/IEEE International Conference on Human-Robot Interaction [58]]:


https://par.nsf.gov/servlets/purl/10474196
https://par.nsf.gov/servlets/purl/10474196

“REACT: Two Datasets for Analyzing Both Human Reactions and Fval-
uative Feedback to Robots Over Time,” K. Candon, N. Georgiou, H. Zhou,
S. Richardson, Q. Zhang, B. Scassellati and M. Vazquez. In Proceedings of
the 2024 ACM/IEEE International Conference on Human-Robot Interaction

(HRI), 2024.

(CHAPTER[7) [COMBINING IMPLICIT SIGNALS VIA PHYSICAL ACTIONS WITH EXPLICIT]

[FEEDBACK] In this chapter, we present an approach for learning human preferences during
a human-robot collaboration from implicit and explicit feedback together. We evaluate our
approach in simulations and with real users in a cooking scenario. Our simulation results
indicate that combining multiple modalities of human feedback improves a robot’s ability
to estimate human preferences over the collaboration, with a similar trend observed in
real-world evaluations. These findings highlight a promising direction for enabling robots
to adapt to a user’s preference model more quickly, thereby reducing the amount of time a
person must spend teaching a robot. This approach was published in the 2026 ACM/IEEE

International Conference on Human-Robot Interaction [[59]]:

“Learning Human Preferences Over a Human-Robot Collaboration Based
on Ezplicit and Implicit Human Feedback,” K. Candon, Q. Zhang, A. Lew,
H. Claure, L. Qian, A. Quarles, C. Sarkar, and M. Vazquez. In Proceedings of
the 2026 ACM/IEEE International Conference on Human-Robot Interaction

(HRI), 2026.

(CHAPTER [§) [CONCLUSION, We conclude the dissertation by summarizing the main

contributions and discussing the implications of these findings. We reflect on the limitations

and identify directions for future research.


https://dl.acm.org/doi/pdf/10.1145/3610977.3637480
https://dl.acm.org/doi/pdf/10.1145/3610977.3637480
https://dl.acm.org/doi/10.1145/3757279.3785630
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Chapter 2

Related Work

This chapter reviews related work on robot learning, especially as it relates to human-robot

collaborations and non-expert robot users. Our work builds on these efforts.

2.1 Robot Learning

An overarching goal of Artificial Intelligence (Al) is to create autonomous, social agents
capable of helping people in their daily lives [61} 194,314,110, 42]]. While robots promise
a future where they will help us with many physical and social tasks in human environ-
ments, current interactions are often scripted and rigid, lacking the adaptability typical
of human social encounters. As robots transition from controlled industrial settings into
social environments, such as homes, the tasks that they perform will become increasingly
subjective and driven by personal preferences [248, |38]]. Thus, it becomes infeasible to
pre-program every variation of a household task. Rather, it is essential to make robots better

at learning directly from human partners [5].

The Human-Robot Interaction (HRI) community has long acknowledged the importance



of creating robots that can adapt to individual preferences [320, 4]. Enabling robots
to understand and align their behavior with human preferences can result in enhanced
efficiency and safety [2335]] as well as higher user satisfaction [[10]]. This adaptation is often
directly learned through human feedback [88]. Research has investigated robot adaptation
in a variety of settings, such as while collaboratively building a toolbox [236l], during

tutoring sessions [80]], or in prehabilitation exercises [360].

2.1.1 Explicit Human Feedback

One common approach to robot learning is to collect explicit signals about user preferences
(e.g., [98, 287]). Typically, humans teach robots through a variety of explicit feedback
modalities. Common explicit modalities include evaluative feedback [190]], demonstrations
[12} 294], corrections [221, [19], rankings [242]], and comparisons [284, [/5]. For these
explicit feedback modalities, the implications of the feedback for robot learning are clear.
Recent, unified frameworks for learning can extract information from multiple feedback

modalities [174}113]], potentially resulting in better and faster preference learning.

2.1.2 Implicit Human Feedback

Implicit human feedback encompasses a wide range of spontaneous behavior and reactions
humans provide during interactions [291]]. These signals are implicit because they require
interpretation as they are not necessarily intended for teaching the robot. Nonetheless, these
signals convey information about the human’s state, intentions, or preferences [111], and
about how they perceive social encounters [357, [182]. It is generally agreed upon that
effective social agents must be able to analyze, comprehend, and respond to nonverbal cues

[77).



This line of research is motivated by the knowledge that people are often able to
adapt their behavior to other people by interpreting social cues provided in human-human
interactions. For example, expert teachers are able to recognize students’ affective states
so they can then adjust the pace and content of the learning material [208]. Elder adults
infer which caregivers are available to provide assistance based on body orientation, head
position, and gaze [363]]. Individuals select acceptable partners for different social goals
based on observable nonverbal behavior [292]. But in human-agent interaction scenarios, it
is unclear whether humans would provide useful nonverbal cues in response to an agent’s
actions. People may behave differently when interacting with an autonomous agent than
when interacting with another person [[11, 224, 92,118, 275, 93, 90]. For instance, people
have been found to provide fewer nonverbal signals when interacting with a robot if there
are no other humans present [126] and show fewer physiological signs of emotion in

response to agents compared to humans [286, 344].

To address utilizing implicit human feedback, affective computing [115,266] and social
signal processing [347] have studied how to create computational models to interpret human
nonverbal reactions. These fields have utilized a diverse set of implicit cues, including gaze
[241], facial expressions [159, 89, 1370, 164]], and physiological signals (e.g., EEG, GSR)

[167,1340].

While these methods are compelling, this work is typically focused on specific affective
states or event detection. For instance, researchers have leveraged nonverbal human signals
to adapt the behavior of in-home devices [364) 85], improve generative deep learning
models [[170]], and better support virtual negotiations [348]. Gaze has also been studied as a
replacement for a “wake word” for a smart speaker [232] or to provide clues about a person’s
intent [3], and facial and bodily expressions have been used to measure engagement in game

tasks [[130]. Guerdan et al. [136] use human responses to explanations provided by an agent,
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focusing on specific affective states such as perceived challenge or competence. Leite et al.
[207] proposed an empathetic social robot that behaved differently based on perceived user
boredom, interest, or frustration. Also, nonverbal human signals have been used to detect
agent errors 350,305, [195]]. Others have inferred user states or assessed robot performance
based on interaction dynamics, timing, or hesitations [333)371]. Relatedly, Learning from
Observation (LfO) focuses on robots learning tasks by watching human actions [[159]], but
typically aims for skill acquisition or goal inference rather than understanding preferences

about the interaction itself.

Despite some success, interpreting these cues is still challenging. Different cultures or
situations can result in similar nonverbal cues, so these cues may have different meanings
depending on the context in which they are generated [[168), 24, 56]]. It can be difficult to
attribute feedback to particular triggers; for example, when a person is engaged in solving
a task with an agent, are human social cues due to the agent’s behavior or due to the
person’s own actions in the task? Also, social cues may have different meanings in different
situations. Smiles, for instance, are often considered an expression of enjoyment [[117].
Nonetheless, people have been shown to smile in response to robot mistakes [126], for
which we may naturally expect expressions of surprise, disappointment or disapproval

instead.

2.2 Human-Robot Collaboration (HRC)

In interactive robot learning, the human commonly serves as a dedicated teacher, whose
only role is to provide explicit feedback (e.g., [113, 293/ [191]). However, this paradigm is
impractical for real-world human-robot collaborations, where the human is typically en-

gaged in the task itself and does not focus solely on teaching. Expecting continuous explicit
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feedback is not only impractical, but can also lead to frustration and disengagement [323]].
Relying solely on explicit feedback can be burdensome for the human, particularly within a

collaboration where the person is also focused on task execution [48].

Collaboration involves working within a shared space towards common goals. Typically,
HRC leverages the complementary strengths of both parties in a collaboration; for example,
pairing human dexterity and judgment with robotic precision and repeatability [298, [163]].
This synergy often results in specialized roles for the interactants, particularly in common
applications such as manufacturing [229] and assembly [373]. In these settings, robots
collaborate with humans to perform repetitive tasks such as placing and sealing screws [200]
or assembling objects from a collection of parts [139,307]]. More recently, collaborations
are expanding into more varied tasks, such as cooking together [129]]. As robots enter less
structured settings, such as hospitals [331], homes [193,144], and hospitality environments
[302,216], the success of collaboration depends less on mechanical throughput and more
on how well the robot aligns with their human partner’s personal preferences. For these
collaborations to be effective, robots must be able to learn how humans want them to

collaborate, in a way that is natural and intuitive for the humans.

2.3 Non-Expert Robot Users

In addition to difficulties from shifting to collaborative settings, there are inherent shortcom-
ings in how humans naturally provide feedback [322, 220, [72]]. Notably, humans tend to
give less feedback as an interaction progresses [214]. Also, research suggests that users tend
to stop providing feedback once they are satisfied with an agent’s performance [166l]. As
robots enter more collaborative interactions, humans will likely provide even less feedback

if they are preoccupied with their own actions.
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Research has investigated robots that request feedback from humans, including what
kind of queries to ask [49} 136, [114], how often to query a user [S0]], or how to account for a
human’s ability to provide useful information [37]]. Further, Ho et al. [145] studied how to
build mental models of humans to determine how to ask for feedback, and Jeon et al. [[173]]

provided a framework to enable agents to combine multiple types of feedback.

2.4 Synthesis

Robot learning has established methods for adapting robot behaviors based on human
input. However, this line of work largely assumes large volumes of clean, expert-provided
feedback, where the expert is solely teaching the robot. Recent work has started to challenge
these assumptions, but typically treats the human teacher as a passive oracle that can
provide feedback, but not a dynamic social agent that can be influenced and can leak extra
informative signals. Our work addresses the challenges in extending robot learning to
collaborations with non-expert users by contributing a fresh lens with which to view the

dynamic social context.
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Chapter 3

The Social Context of Human-Robot In-

teractions

This chapters builds off of work that is forthcoming in Volume 9 of the Annual Review of

Control, Robotics, and Autonomous Systems [327]]:

“The Social Context of Human—Robot Interactions,” S. Thompson, K. Can-
don, and M. Vazquez. In Annual Review of Control, Robotics, and Au-

tonomous Systems, 9. 2025.

The Human-Robot Interaction (HRI) community often highlights the social context of an
interaction as a key consideration when designing, implementing, and evaluating robot
behavior. Unfortunately, researchers use the term “social context” in varied ways. This
can lead to miscommunication, making it challenging to draw connections between related
work on understanding and modeling the social contexts of human-robot interactions. To

address this gap, in this chapter, we survey the HRI literature for existing definitions and
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uses of the term “social context”. Then, we propose a conceptual model for describing
the social context of a human-robot interaction. We apply this model to existing work,
and we discuss a range of attributes of social contexts that can help researchers plan for
interactions, develop behavior models for robots, and gain insights after interactions have
taken place. We conclude the chapter with a discussion of open research questions in

relation to understanding and modeling the social contexts of human-robot interactions.

The contents of this chapter are forthcoming in Volume 9 of the Annual Review of

Control, Robotics, and Autonomous Systems [327]].

3.1 Overview

The social context of human-robot interactions is key for the design, evaluation, and
automatic generation of appropriate robot behavior [26,|320]. It is generally accepted that
the social context shapes how humans interpret signals [347]], expect others (including
robots) to act [105]], and behave themselves [[17]. In the field of Human-Robot Interaction
(HRI), prior work typically investigates some element of robot’s understanding of the social
context (e.g., [22]), how robots should interact or generate suitable behaviors within a
particular social context (e.g., [240, [187]), and/or human experience with a robot acting
within a social context (e.g., [189]]). Further, academic venues have long invited work that
examines interactions in their social context [184], calling for work that is ecologically

valid [149] and addresses complex situated encounters [40].

Unfortunately, the use of the term “social context” in HRI is often overloaded or un-
derspecified. For example, the term “social context” may refer to specific circumstances

in which an interaction takes place or a particular application domain (such as healthcare
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or home robotics). To further complicate the matter, the term “social context” is often
shortened to “context”, which is even more overloaded in practice. “Context” can refer
to information passed to an algorithm to interpret sensor observations (e.g., map of envi-
ronment [346]) or to generate robot behavior (e.g., interaction states provide context to
generate locomotion [219]). Papers in the HRI literature commonly use the term “social
context” without describing what it means. Readers experienced in HRI can perhaps make
an informed guess; but for others, like new HRI researchers, the term could get lost in trans-
lation, becoming jargon rather than clarifying the key ideas. The lack of precision makes
it difficult to identify, relate, and synthesize gaps in existing work about social contexts
and their effects on human-robot interactions. What should we investigate next about the
social context of a human-robot interaction? What information about the social context
should a robot use for reasoning when deployed in a new scenario? Without having a clear
operational definition of what constitutes the social context of a human-robot interaction, it

is unlikely that we will be able to answer these types of questions effectively.

Luckily, other related fields have grappled with the problem of conceptualizing the
context of human-human and human-computer interactions. For instance, Social Psychol-
ogy has long studied the concept of social context when investigating individual human
behavior and human-human interactions. Stangor [304]] laid the foundation for the scientific
study of how social factors influence individual and group behavior. Lewin [212] posited
that behavior is a function of individual characteristics and the surrounding social envi-
ronment, Behavior = f(Person, Environment), emphasizing the dynamic interplay
between people and their social environments. More recent work by Argyle et al. [[14]
has conceptualized social contexts for interactions in terms of social situations. Social
situations are characterized by the presence of two or more people who interact together

and are shaped by a variety of factors, including the roles of the participants, the norms
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that govern behavior, people’s goals or motives, and their forms of communication. As an
example of the value of such conceptualization, social situations have recently been adapted
to HRI, helping create more varied simulation environments for social robot navigation

research [335]].

In the field of Human-Computer Interaction, Dey [94] provided an operational definition
of context for ubiquitous computing: “Contezt is any information that can be used to
characterize the situation of an entity. An entity is a person, place, or object that
is considered relevant to the interaction between a user and an application, including
the user and applications themselves.” This definition served to scope context: For an
indoor tour guide application on a mobile device, is the local weather context? According to
the definition in [94], information about the weather is not context because the application
is being used indoors and the weather does not affect it. However, information about the
presence of other people who take part in the tour with the user is context, because they
could affect which sites the user visits while using the application. Based on this notion of
context, Dey went on to characterize context-aware computing, helping application builders
more easily determine what features their applications should support and what context is
critical to support the features. There is similar, practical value in better conceptualizing

social context in the Human-Robot Interaction field.

Riek and Robinson [274] introduced an initial conceptual model of social context for
researchers “concerned with the automatic analysis of (and response to) human behavior”.
They defined social context as: “the environment, E, where a person, P, is situated, with
four factors that may influence P’s behaviors. These factors include the situational
context, P’s current social role in E, the cultural conventions of both E and P, and
the social norms of E.” O’Connor and Riek [254] expand upon this definition to provide

formalisms for this social context and tease apart the conceptual ideas in practice, and
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Nigam and Riek apply this model to robotics [251]. We propose a model that builds
upon these initial ideas, while focusing specifically on the social context of human-robot

interactions.

In this survey, we first review existing definitions and the use of the term “social
context” in HRI. The goal is to contrast different perspectives on how the community
conceives of social context. Then, we propose an explicit definition of and a conceptual
model for the social context of a human-robot interaction. Our conceptual model is
inspired by the perspectives about context and social context described previously, but is
designed specifically for HRI, considering the social nature of human-robot interactions,
the importance of relationships within these interactions, and the unique characteristics of
robots that differentiate them from other computing technology. To explain our conceptual
model, we provide examples of how it can be applied to prior work in HRI and provide a
taxonomy for socially contextual information that highlights the diversity of factors it can

include.

Overall, with this review and our proposed conceptual model, we provide a pathway
to think in an explicit and structured manner about social contexts in HRI. We end the

chapterby discussing practical uses of our conceptual model and open questions.

3.2 Review Methodology

We performed a systematic literature review with two main goals in mind: 1) better
understanding the uses of the terms “social context” in the HRI literature (Sec. [3.3));

and 2) defining and validating our proposed conceptual model for the social context of a

human-robot interaction (Sec. [3.4]).
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We reviewed publications in well-established academic proceedings for HRI work from
the years 2012-2023: ACM/IEEE Int’l Conf. on Human-Robot Interaction (HRI), IEEE Int’l
Conf. on Robotics and Automation (ICRA), IEEE/RSJ Int’l Conf. on Intelligent Robots
and Systems (IROS), IEEE Int’l Conf. on Robot and Human Interactive Communication

(RO-MAN), and ACM Trans. on Human-Robot Interaction (THRI).

The selected proceedings comprised of 27,843 articles, as shown in Figure [3.1(a). We
filtered the set of papers for work that discussed aspects of social context in human-robot
interactions using string matching. We searched for text matching the regular expression:
social (?:1y)?[" ’]?context (?:ual) ?. The result was a corpus of 320 papers,
a portion of which were short contribution papers because some conference proceedings
combine short and full papers into the same volume. Figure [3.1(b) shows the number
of papers in this corpus, organized by year. There is a clear increase in the use of the
term “social context” and its close variants (per the regular expression), suggesting that the

concept of social context is becoming increasingly important in HRI.

The 320 papers included many papers using the term ‘““social context” without it being
a particular focus of the paper; thus, we identified papers that had at least one match to
the regular expression for “social context” in the title or had three or more matches in
the body of the paper. This resulted in 58 papers, in which 257 sentences included the
term “social context” in the papers’ main content, excluding abstracts and titles. In the
next section, we analyze these 58 papers to understand how the robotics community uses
the term ‘“‘social context”. Later, we narrow down this collection to papers that focus on

real-world interactions to explain our proposed conceptual model for the social context.
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Figure 3.1: (a) Paper selection process for review. (b) Histogram of 320 papers using the
term “social context” (or close variants like “socially contextual”) in the title or body of the
paper. Best viewed in color.

3.3 The Term “Social Context” in HRI

This section first discusses different explicit definitions that have been provided for the term
“social context” among the 58 papers considered in our review that had at least one match
to the regular expression for “social context” in the title, or had three or more matches in

the body of the paper. Then, it discusses broader usage of the term in these 58 papers.

3.3.1 Explicit definitions of the term ‘‘social context”.

In the group of 58 papers, only 4 papers explicitly defined the “social context™:

— Huang and Mutlu [153] stated that the “social context or setting might characterize
the physical environment (e.g., a domestic environment or a workplace), the orga-
nization of the interaction (e.g., dyadic interaction or group setting), the relative
statuses of the participants (e.g., a supervisor or a subordinate), and the roles of

the participants (e.g., a speaker or a bystander).”
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— Nigam and Riek [251] defined “the social context for an agent (robot), P, in a given
environment, E, as the disjoint union of several subsets: the situational context as
a function of E, the social role of P in E, P’s cultural norms (irrespective of E);

E’s cultural norms (irrespective of agents in P); and the social norms for P in E.”

— Zaech et al. [367] stated that “social context... comprises of the positions and veloci-

ties of the other agents.”

— Luber et al. [223]] used “the angle of approach «;; between the two [agents| m; and
7 as the criterion to quantify and distinguish what [they] define here to be a social

context.”

Huang and Mutlu [155]] and Nigam and Riek [251] suggested that the social dynamics
between participants and the physical environment play a fundamental role in the social
context of an interaction. For social robot navigation, Zaech et al. [367] and Luber et
al. [223] proposed that social context is comprised of the physical behavior of agents,
including their relative physical state. Together, the definitions from this subset of the HRI

literature suggest:
1. Aspects of an environment can be an important component of the social context of a
human-robot interaction (e.g., home, work, cultural norms of a location, etc.).

2. Attributes of individual agents are an important part of the social context (e.g., their

conversational role, their position, their velocity, etc.).

3. Associations between agents can also be part of the social context (e.g., the relative

orientation between two agents, job hierarchy, etc.).
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Table 3.1: Categorization of the usage of the term “social context” in the HRI literature.

Category Stats’ Example Citations
State of 4p (6.9%) “We believe that one key step HRI researchers can take  [259} 195,359, 282]
society s (2.7%) to center the social context is to include a societal im-
plication consideration section in all papers” [259]
Domain 3p (5.2%) “Robots were previously built to be used in social con- [} 167,263
35 (1.2%) texts with members of the public, including healthcare,
education, and robots used at home™ [7]]
Task 6p (10.3%) goals are more important for a specific social  [337, 184} 101} 342} 41}
155 (5.8%) context. For instance, if a robot were deployed in a 46]]
service role that involved interacting with members of
the public (e.g., museum tour guide, reception waiter,
etc) ...” [46]
Social 35p (60.3%) “The parallels between being excluded by robots and  [244, [243| 315 367,
Setting 104s (40.5%) being excluded by humans ..., suggests that [robot- (337122347, 246} 342|
robot-human interaction] experiences have the potential 328} 167, 202} 22 |15}
to form a powerful social context that impacts humans’ |[103} 188} 95, 104} 1218|,
emotions and behavior” [[103]] 160, 117511265, (76, 203,
329, 256l 74, 131, [7,
16l 234, 1411 1362 169,
345]]
Physical 4p (6.9%) “... our robot explored three types of social contexts  [140}259}329}362]
Setting 4s (1.6%) on our college campus: study areas, dining areas, and
lobby areas, across both the student center and library”
[140]
Social & 19p (32.8%) “‘Both the limited roles of participants and the confines  [244, 353 1251} 84,
Physical 30s (11.7%) of the experimental environment present quite a differ- 328} 167, 202 22, |15}
Setting ent social context from that in which robots are eventu- [104, 218, [175, 265}
(Explicit) ally meant to operate.” [202] 261, 1181, 176, 282]
119, 168]]
Social & 33p (56.9%) “The researchers are immersed within the social context  [244, 353 1315, [116}
Physical 825 (31.9%) they study, while being aware of the mutual influence 53| 84} 258, 47, [101}
Setting researcher and participant have on each other and there- 342l 167, 202} 22 |15}
(Implicit) fore keeping some distance to the people they study [188] 195259, [257, [143|
[22].” [250] 181, 1263, 1250, 1359,
1761106, 1329, 256/, [74,
1190168, 362,46, |169]
Other 7p (12.1%) “Discriminating and following others’ gaze direction [47, [101, [175) 1257,
125 (4.7%) is an essential component of establishing a common 265} 181 250]

social context and it is pivotal to the ability to infer
others’ mental states” [265]]

“Support for this hypothesis would indicate that the
agency ascribed to the robot is of key importance in
determining whether human interactants will heed its
protests, whereas lack of support would indicate the
importance of other factors, such as social context” [47]]

T The number and percentage of both papers (p) and sentences (s) using the term “social context”. There are
257 sentences from 58 papers.
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3.3.2 Broader usage of the term “social context”

In the corpus of 58 papers, the term “social context” was used in a variety of ways without
providing an explicit definition. Some usages of the term were broad, like using “social
context” to describe a problem area or domain [67]. Other usages were more specific, such
as using “social context” as a synonym for “social norm” [[188]. Even within the same
paper, authors sometimes used the term in different ways, referring to “social context” at
different levels of specificity. Because usage varied so widely, it is difficult to suggest a

single meaning or implicit definition underpinning the term in the current literature.

In order to better understand how people currently use the term “social context” in
HRI, we systematically examined the uses of the term across the 58 papers. In an initial
inspection, we found 6 common usages: state of society, domain, task, social setting,
physical setting, social and physical setting. We then classified each of the 257 sentences
that matched the regular expression for “social context” in the 58 papers into one of these 6
categories. Anything that did not clearly fit into one of these categories was classified as
“Other”. Table summarizes statistics and examples for each category, which we also

describe below:

State of society. “Social context” refers to the broader state of society or of the world.

Domain. “Social context” is used to explicitly refer to a broad HRI domain, like “healthcare”

or “entertainment”. The domain could include many different tasks or environments.

Task. “Social context” describes a specific application (e.g. robot tutoring), task (e.g.

learning to read), or interaction scenario (e.g. robot asks a child to read something to it).

Social setting. The term “social context” describes the social setting, which might include

beliefs, social norms, roles, expectations, or group membership.
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Physical setting. The term “social context” describes the physical setting or environment

of an interaction, without mentioning social aspects.

Social & physical setting. “Social context” references both the social and physical envi-
ronment of an interaction. In total, 41 papers used the term “social context” in this manner
across 112 sentences. If both the physical and social setting were referenced explicitly, the
paper was further categorized as “social & physical setting (explicit)” (19 papers, 30 total
sentences). If the references to the physical or social setting were implicit, then the paper
was categorized as “social & physical setting (implicit)” (33 papers, 82 total sentences).
Implicit cases include situations where the physical environment was mentioned in nearby

sentences, but not the sentence that contained the term “social context™.

Other uses. The intended meaning of the term “social context” was unclear or did not fit

one of the above categories.

The wide range of usages for the term ‘“social context” motivated us to conceptual-
ize a model, specific to human-robot interactions, that could serve to connect different

perspectives in the literature.

3.4 A Conceptual Model of the Social Context of a Human-

Robot Interaction

We propose a conceptual model for the social context of a human-robot interaction. Our
goal in creating this model was twofold. First, we wanted to provide an explicit definition
of “social context” specifically for human-robot interactions that connects the literature.
We demonstrate how to apply our conceptual model to a variety of use-case scenarios

and provide taxonomies for different types of attributes of social contexts drawing upon
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the literature. Second, we wanted to provide a tool — the conceptual model — to facilitate
planning for interactions, generating behavior, and analyzing interactions after they have

occurred. We discuss these practical implications in Section [3.5]along with future research.

The proposed conceptual model is specifically designed and scoped to describe the social
context of a human-robot interaction of interest, where the relevant human(s) and robot(s)
act as embodied agents that perform actions in an environment, potentially influencing
each other and changing the physical state of the world. For the purposes of the proposed
model, a robot is embodied. Physical embodiment makes a robot inherently different from
other computing technologies, as discussed in the book “Human-Robot Interaction: An
Introduction” [26]. While Reeves and Nass’s Media Equation [271]] suggests that people
will act in a similar way with technology as with each other, this is not always true for

robots [105]].

3.4.1 Terminology

Because our definition of the social context of a human-robot interaction is dependent on

an interaction of interest, we first define what we mean by a human-robot interaction:

Definition 1. A human-robot interaction is an exchange between agents, which must
include at least one human and at least one robot. At its core, the interaction corresponds
to a sequence of actions taken by the agents in a given environment, which are related to the
task of the interaction (or the goals that each agent aims to accomplish). The interaction

has temporal bounds that define when it begins and ends.

Human-robot interactions can be ezplicit (e.g., as in conversations, robot tutoring
settings, etc.) or implicit [177], occurring without the explicit command or awareness of

the human(s) involved in the interaction. For example, common implicit interactions in the
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social robot navigation literature involve having a robot navigate alone nearby people (e.g.,
as in [231]). The people are not engaged in co-navigation or in an explicit information

exchange with the robot, but they still adapt their actions to the robot as needed.

Human-robot interactions can be one-on-one interactions between a robot and a human
only, or they can be multi-party, involving more agents [296, [124]. They can also change
in size over time. The task or agent goals in an interaction can be the same for all agents
or different. This can result in collaborative interactions [147)], mized-motive interactions
[54]], or adversarial interactions [99]. Also, interactions can have varied length, from
brief interactions (like accidental encounters in a given physical space) to longer term
(like a robot helping a person practice exercising). In general, we are not concerned with
defining these aspects of interactions, but let HRI practitioners and researchers decide what
human-robot interaction is of interest, including the relevant agents, task, and temporal

bounds.

Given a human-robot interaction of interest, we define the social context of the interac-

tion as follows:

Definition 2. The social context of a human-robot interaction is the set of attributes of
the relevant agents, of their environment(s), and of their associations that influence the

interaction.

Inspired by how Dey [94]] defines “context” for context-aware computing and existing
uses of the term “social context” in HRI (Section , we consider the attributes in the
social context of a human-robot interaction to be information that characterizes the relevant
agents, environment(s) and associations between them. The main requirement for these
attributes to be part of the social context is that they influence the interaction either directly,

by having an effect on the sequence of actions of the interactants, or indirectly, by having
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an effect in the interacting agents which, subsequently, influences their actions.

The agents in Definition |2 can be of type robot, person, or other. The robot(s) and
human(s) that take part in the human-robot interaction of interest have attributes that are
part of the social context of their interaction. For instance, this may include the embodiment
of a robot, or a person’s age, attention, etc. Other agents could include, for example, pets,

whose attributes may be particularly relevant in home or assistive robotics applications.

The inclusion of “associations” in Definition [2|is based on the importance that previ-
ous work places on relationships between agents when defining ‘““social context” for an
agent in robotics [251), 254], as well as emphasis on these associations on context-aware
computing [374]. In general, associations between agents and environments in Definition
[2]can be of three types: agent-agent, agent-environment, and environment-environment
associations. Because there is important relational information that can affect human-robot
interactions, we make these associations first-class entities in our conceptual model for the
social context. That is, we give associations the same level of importance as agent and
environment entities. Similar to the latter entities, associations can have more than one
attribute that is part of the social context of an interaction. For example, an association
between a human and a robot could have information about roles (e.g., whether a person
serves as a teacher for a robot) and human impressions about the robot (e.g., whether the
person thinks the robot is acting competently). Also, an association between a person and
an environment could contain information about the medium through which the person
experiences that environment (e.g., in person or via a computer interface with a given set of

attributes).

Across human-robot interactions, we find it natural to think about the relevant entities
of the interaction via graph visualizations. Nodes in the graph can be of two types (agents

or environments) and edges can be used to encode associations between the nodes. If a
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Emergency Example Office Example

: =
of — o

Figure 3.2: Examples of relevant entities for two different human-robot interactions: one
between a firefighter and a robot, and another between a robot guide and a person in an
office. Figures (a) and (d) illustrate the interactions at a given time; the images were
created with Gemini’s Generative Al. The diagram in (b) shows the relevant entities for (a),
including the robot (R) and the firefighter (H;). The firefighter teleoperates the robot that is
in E, while being physically located in E,. Dashed edges have relevant agent-environment
associations, while solid edges indicate relevant agent-agent associations. The diagram
in (c) shows the interaction some time after (b), when the firefighter and robot team find
another person (Hy). This illustrates how social context can be dynamic — the relevant
elements of the interaction can vary over time, so the attributes that influence human-robot
interactions are also variable. In (d), a robot (Ry) brings a person (Hj3) to an office, where
there are two other people (H4 and H5) who are not considered part of the interaction of
interest. Hence, they are visualized in (e) with a lighter color-scheme. However, attributes
of Hy and Hs, like whether they are attending to the R, or Hs, influence the interaction
of interest. As a result, the attributes of H; and Hy are part of the social context of the
interaction of interest.

-@
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node or an edge appears in the graph, it is because it has relevant attributes that are part
of the social context. For example, imagine an emergency scenario in which a firefighter
(H;) teleoperates a robot (R;) that goes into a disaster area with fire, as in Figure [3.2p and
Figure [3.2b. The firefighter teleoperates the robot through a computer interface and from a
remote location to stay safe. In this scenario, the social context of the interaction between
H; and R; includes attributes from two environments. First, the environment of the robot
(E1), which the firefighter accesses via a teleoperation interface, influences the commands
that H; sends to the robot. Second, the environment in which the human is located (E5)
affects the human-robot interaction as well by influencing the human, e.g., to what extent it

pays attention to the robot due to noise or other environmental distractions.

The attributes that are part of the social context of an interaction can change over
time, and the relevant entities may also change. For instance, in the prior example of a
firefighter-robot interaction, it could happen that the robot comes close to a victim (H,),
who then becomes part of the interaction as in Figure [3.2k. The attributes that characterize

this person and that influence the interaction are now part of the social context.

There can also be additional agents that may not be part of the human-robot interaction
of interest, but that have attributes that are part of the interaction’s social context. For
example, imagine that the interaction of interest is between a robot R, that guides a person
Hs to a room in an office environment, where other people work (as in Figures and
[3.2k). Then, whether these other nearby people attend to the interaction could influence the
actions of Ry and Hg, e.g., making them speak in a lower volume. Thus, the attention of the

other people is an attribute of the social context of the interaction of interest.

To more explicitly distinguish the possible attributes of all environments and all agents

from those that are part of the social context of a given human-robot interaction, we define:
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Definition 3. Socially contextual information are the attributes in the social context of a

human-robot interaction.

In the reminder of this dissertation, we will often describe the social context of a

human-robot interaction as a collection, or set, of socially contextual information.

3.4.2 Selection criteria for analysis of proposed definition of social

context

To analyze the current literature through the lens of our proposed definition of social context,
we created a subset of the papers selected for the literature review (per Section [3.2)) which
focused on aspects of the social context of an interaction. In particular, for each paper in
the corpus of 58 papers identified with our matching criteria for the regular expression
for “social context”, we read the abstract and checked the paper to determine if it was a
full paper about a two-way interaction between at least one robot and at least one human.
We did not include videos or extended abstracts in this subset of the papers because these
shorter papers are typically about preliminary results. Also, we excluded papers that only
discussed online human-robot interaction studies, where participants did not experience an

interaction with a robot in the real world. This filtering process led to 27 papers.

3.4.3 Example use-case scenarios

This section illustrates how our proposed conceptual model for the social context of a
human-robot interaction can be instantiated in specific scenarios. We categorized the 27

papers described in Section based on how the paper’s main contribution related to our
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concept of social context. The categories we identified Wereﬂ

Study: 10 papers described a study in which socially contextual information constituted

independent and/or dependent variables.

— Computational Models and Systems: 9 papers described a computational model or
system that used attributes of the social context of an interaction as inputs or estimated

socially contextual information.

— Design: 5 papers discussed the design of human-robot interactions. These discussions
included both influences of the social-context of a human-robot interaction and how

socially contextual information may be influenced.

— Survey: 4 papers in our corpus were survey papers related to ideas captured by our

definition of the social context of a human-robot interaction.

For the first three types of contributions described above, we discuss how our model fits
the social context discussed in an illustrative paper. While not exhaustive, these use cases

demonstrate the flexibility of our conceptual model and its applicability to existing work.

3.4.3.1 Use case 1: Effects of robot appearance

In “Actions Speak Louder Than Looks: Does Robot Appearance Affect Human Reactions
to Robot Protest and Distress?”, Briggs et al. [47] investigated whether a robot’s appearance
influenced how people responded to the robot verbally protesting a command. In this study,
one robot built towers of colored cans. This robot was then removed, and participants
were asked to instruct a second robot to knock down the can towers. The demolition robot

protested the participant’s request.

'The numbers per category sum to 28 as one paper fell into both the Study and into the Computational
Model and Systems groups.
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In applying our conceptual model to this study, we identified a variety of socially con-
textual information relevant to the interaction. First, the demolition robot’s appearance was
the independent variable in the paper, which they found to affect the human’s perceptions
about the robot’s obligation to follow their commands. Thus, under our conceptual model,
robot appearance is socially contextual information. Second, we consider the participant’s
commands to the demolition robot socially contextual information. Because the robot exe-
cutes the participant’s commands, the commands directly influence the interaction. Third,
the state of the can tower is socially contextual information attributed to the environment.
This is because the cans being stacked into a tower impacts the participant’s understanding
of the task instructions to knock them down. Conversely, the color of the cans is likely not
socially contextual information in this case (per Definition [2]) because there is no reason to

believe that the cans’ color affects the interaction.

Under our conceptual model, all positive results in HRI study papers, i.e., all confirmed
factors that influence the interaction of interest directly or indirectly, are socially contextual
information. These factors are the independent variables of the study, e.g., characteristics
of agents (such as action, role, appearance, physical state, or mental state), of environments
(like location) or associations between agents and/or environments (like relationships).
Negative results indicate that no significant evidence exists that an attribute is socially

contextual information.

3.4.3.2 Use case 2: Selecting listening behaviors

In “A Bayesian Theory of Mind Approach to Nonverbal Communication”, Lee et al. [203]]
introduce a computational model for robot listening behaviors to indicate attentiveness. The
robot’s behavior is based on the storyteller’s actions and a prediction of the storyteller’s

belief about the robot’s attention.
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A common assumption in computational models is that the inputs have an underlying
causal relationship with the outputs. In this case, there are two models whose outputs are
the storyteller’s beliefs and the robot’s action. For the models’ inputs where the assumption

holds, i.e. the causal relationship exists, the inputs are socially contextual information

Besides the behavior selection model, the robot’s gaze and when it demonstrates a
listening behavior is determined by a rule-based model that uses the storyteller’s gaze,
goals, and attributes of their speech including pitch, energy, pauses, and length. Because
this rule-based model is encoding a causal relationship between the storyteller’s behavior

and the robot’s actions, we consider these input attributes socially contextual information.

In addition to the models determining the robot’s behavior, Lee et al. discuss specific
attributes of the robot that, based on prior research, they think could influence the interaction,
and carefully control them to prevent unwanted effects. Specifically, these attributes were
robot’s color, gaze, facial expressions, and utterances. These attributes are likely socially

contextual information given prior HRI results.

3.4.3.3 Use case 3: Designing interactions for an airport

In “Design Methodology for the UX of HRI: A Field Study of a Commercial Social
Robot at an Airport”, Tonkin et al. [329] provide a methodology for designing human-
robot interactions in public environments that create a positive user experience. Tonkin et
al. outline the steps for designing such an interaction and mention several factors about
environments, humans, and robots that they believe could impact how an interaction would
unfold. They note that for different deployment locations (e.g., airports, hospitals, or

train stations) the volume level can influence whether users can hear any of the robot’s

%In practice, validating causal effects for a particular interaction can be difficult, and computational models
can be negatively affected by spurious correlations in the data.
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speech. For humans, they mention that internal state and role (e.g., visitor or staff) can give
important insight to their needs, which also may be dependent on the environment. For the
robot they note that its morphology, personality, task, voice, identity, gestures, and screen
display can impact how useful and positive the users’ experience is. Under our conceptual
model of social context, we would consider each of these attributes likely candidates for

socially contextual information.

3.4.4 Types of socially contextual information

This section presents taxonomies for socially contextual information. We built the tax-
onomies using papers described in Section [3.4.2] For each of the 27 papers, we identified
the key attributes of the human(s), robot(s), environment(s), and their associations that
were explicitly discussed in the paper. Then, we used an iterative and collaborative process
to develop the taxonomies using affinity diagrams. We expected the 27 papers to provide
good coverage for the range of socially contextual information typically considered in HRI;
but, when appropriate, we expand with other examples to better convey the richness of the

social context of human-robot interactions.

3.4.4.1 Environment attributes

As shown in Figure[3.3] we identified four main categories of socially contextual information

describing the environment of a human-robot interaction:

Location. The location was the most common type of socially contextual information for
environments. Papers described locations at varying levels of granularity. For example,

some described the area in which interactions occur, such as public spaces [329]. Other
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work focused on broader locations by noting the building in which an interaction takes place,
such as a nursing home [67] or grocery store [250]. Even more specific were references to

particular rooms, such as the lobby or activity area within an eldercare facility [68].

Objects. Humans and robots often engage in physical interactions that involve the manipu-
lation of objects, making attributes of such task objects an important piece of information
that can influence the interactions. An example is the location of cans discussed in Sec-
tion Similarly, humans and robots consider furniture [68] or other obstructions

[175,167, 362, 46]] when deciding how to navigate within an interaction.

Behavior constraints. Environments of human-robot interactions can have implications
for the behavior of agents, which are socially contextual information that constrains their
actions. Two noted examples from our literature review include safety constraints [[15] —
which we view as hard constraints on the behavior of robots — and location-specific social

norms [250] — which we consider soft constraints.

Physical properties. We consider the attributes of an environment that can be measured
as their physical properties. When these attributes influence an interaction, they are socially
contextual information. For example, papers referenced the layout of an environment as
an attribute that can influence behavior. This layout was encoded via environmental maps
[362] or referenced through elements such as hallway locations [175]. Other physical
properties include room size and condition (e.g., if it needs cleaning) [202], the time of day
[251]], the brightness of the environment [319]], or volume of an environment [329]. Though
not directly referenced in the papers in our literature review, this category of environment

attributes could include other properties such as temperature or humidity.
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Figure 3.3: Taxonomy for socially contextual information of an environment. The blue
symbol @ is used to convey that these attributes could be relevant for the blue environment
nodes in Figure[3.2]

3.4.4.2 Agent attributes

The papers that we reviewed discussed an agent’s actions, attributes that are common
population characteristics, physical state, appearance, and mental states. While some
specific attributes were discussed more commonly for robots or for people in the selected
papers, these five categories of socially contextual information are generally applicable to

both. Figure [3.4]shows the derived taxonomy for agent attributes.

Actions. Action-related attributes can be categorized as either communicative or focused
on strategy. Communicative attributes can be associated to verbal and nonwverbal actions.
The content of utterances 1256]] and tone of voice [328| comprised
the most common verbal attributes. Lee et al. also note how a human’s length of utterances
or pauses in speech can influence the interaction [203]]. Attributes of nonverbal actions
commonly include information about gaze [67, 203]], facial expressions [203]], and
gestures [103] 265, 115, 282]]. Attributes related to an agent’s strategy include an
agent’s goal [22, 46]], their task 53], their planned trajectories

[22], the consistency of their behavior [328]], or their recovery strategy [328]].
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Common Population Characteristics. A variety of characteristics often used to describe
populations — also known as demographics — were noted often for humans in the reviewed
papers, although they could be applied to robots as well. For example, the papers that we
reviewed noted the age 67,202,265, 1250, 1263, 203, 106], race [68]], gender [202, 1104, 265,
67,1263, 203, 106, 282, |68]], diagnoses (e.g., autism [160], dementia [68], mental health
conditions [202]), income [202], education level [202], and employment [202] of humans
as factors that could influence interactions. While the selected papers did not discuss
demographic characteristics of robots explicitly, it is common for people to assign gender
and other similar attributes to robots as they anthropomorphize them. These attributes could
influence robots’ behavior (e.g., affecting how they communicate with people) or humans’

behaviors (e.g., affecting mental models of the robots).

Physical state. While details of the general location of a human-robot interaction can
be captured in socially contextual information for the environment, the physical state of
an agent is often a piece of socially contextual information. This state often includes an
agent’s location, which can be represented in (z, y)-coordinates [175]], but can have other
abstractions. For instance, the physical state of a person could include their articulated
body pose [175} 53] or orientation [345) 203]]. Phyiscal state could also include motion

information [175]].

Appearance. An agent’s appearance can affect how other agents perceive them. The
appearance of robots was often noted in the selected papers. For example, the general
design [67, 1263, 329]], color [203], and morphology [328, 202, [103, [104, 250, 1329, [282]]
of robots can affect interactions. Their screen display [329, [7, 250] or interface [[160]
can also influence how people interact with them. While the papers that we reviewed did
not explicitly discuss the appearance of humans, this attribute can influence human-robot

interactions, e.g., in terms of whether a robot can (re-)identify a person visually.
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Figure 3.4: Taxonomy for socially contextual information of an agent. The yellow = and
purple @ symbols convey that these attributes could be relevant to the human and robot
nodes in Figure[3.2]

Mental states. Information about the internal, intellectual activity of agents is important
socially contextual information because their internal states drive behaviorﬂ We identified
four subgroups of attributes in the papers that we reviewed. First, mental states can be
cognitive factors such as cognitive workload [328|, 282], abilities [250}, [15]], capabilities
[15]], or level of autonomy [202]]. Second, mental states can be social and behavioral
attributes. A common factor is the role of an agent in an interaction. For example, whether
a human is a resident, staff member, or visitor at an eldercare facility may influence how
a robot chooses to interact with them [329]. Similarly, whether a robot is an active or
passive participant in a task (e.g., builder versus observer) can influence how a human might

interact with said robot [47]. Additionally, an agent’s experiences (such as with technology

3We considered mental states to be attributed to an agent when they were about the agent itself, not about
other entities. Later, we discuss mental states about others (e.g., beliefs) as associations.
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Figure 3.5: Taxonomy for socially contextual information of an association. Yellow - and
purple symbols e convey agent-to-agent associations. Blue symbols @ convey associations
that involve environments. These colors are consistent with Figure [3.2] and the prior
taxonomies in Figure [3.3]and Figure[3.4]

or with robots in general [68]), an agent’s compliance with social norms [250]],
or other personality traits [106] can also influence their actions in an interaction. Third,
agents have motivational states that can influence their actions, which include attributes
related to goals [46) 7, 22]], needs [67, [103]], and preferences [282]]. Finally, mental

states can be about an agent’s feelings, including self-esteem [103]], stress [282]], or other

emotions [250, 329].

3.4.4.3 Association attributes

As shown in Figure [3.3] attributes of associations generally fall into one of three categories:

Relationships. Attributes about relationship associations can be of two types: they can
encode information about physical relationships between any entities or information about

social relationships between agents. For example, Chang et al. described interactions in
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different rooms (e.g., lobby and activity room) in the same building, so the two environments
had a physical relationship [68]. Papers also described how the distance between agents
or between an agent and an object can influence the agent’s actions [362,345]. Attributes
about social relationships include whether an agent has a human or robot partner [256], the

agent’s group membership [362, 15], or the authority agents have over one another [15]].

Medium. For agent-environment associations, the way in which the agent experiences
the environment can influence their behavior and, hence, have an effect on human-robot
interactions. For example, it is common for an agent to experience an environment by
being situated in it, being co-located with other agents (as in Figure [3.2[d). Additionally,
agents could experience an environment through computer interfaces, such as a remote

teleoperation interface for a robot (as in Figure @), a video call, virtual reality, etc.

Associative mental states. There are a variety of internal, mental states that involve more
than one entity and can influence interactions. In the papers that we reviewed, we identified
associative mental states that are cognitive factors, such as expectations [328, [15} 250],
beliefs [46], or perceptions [47] about other agents or environments. Also, we identified
motivational mental states, e.g., whether a human wants to interrupt a robot’s task [250] or
touch a robot [[15]], or thoughts about whether two agents are cooperating versus competing
[256]. Associative mental states can also be about feelings, such as trust in another agent

[328. [15], novelty [250]], interest [250], or attitudes [[103} [104]].

3.5  Discussion

Given the varied usage of the term ““social context” in HRI, we proposed a conceptual model
for the social context of human-robot interactions that can bridge different perspectives.

Now, we discuss ways in which we foresee HRI practitioners and researchers leveraging this
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model in the future and highlight open challenges and interesting future research directions.

3.5.1 Planning for human-robot interactions

The taxonomies provided in Section [3.4.4] can serve as an initial checklist for thinking
about different kinds of socially contextual information that could influence a human-
robot interaction of interest. First, outside of robotics, research has shown that interaction
designers can have blind spots to novel conditions that come up during the deployment
phase of a technology [262], requiring contingency planning in the interaction design
process. Likewise, this could happen in HRI, where the situations that come up during a
human-robot interaction can be novel and hard to predict [238, [152]. Second, there can
be unanticipated human behavior around the adoption of new technology. For instance,
while a growing body of research suggests that robots can help support educational efforts
[30], research has also indicated that teachers can have negative attitudes towards education
robots [272]]. Attitudes towards robots can be socially contextual information, as described
by the taxonomy from Figure making it important to plan ahead for them (e.g., by
working with stakeholders to facilitate the introduction of robotics technology). Overall, by
thinking about a variety of potentially-relevant socially contextual information ahead of an
interaction based on the proposed conceptual model, HRI practitioners and researchers can
prepare for novel situations and challenges that may come up in practice during human-robot

interactions.

A difficulty in planning for human-robot interactions is dealing with unknown socially
contextual information. Prior work has explored understanding the social contexts of certain
environments [317] and developing systems that consider the social context during planning

[318, 311]. Our taxonomies of socially contextual information are not exhaustive as there
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can be more attributes that matter for a given interaction of interest than those reported
in the papers that we reviewed. Further, some attributes in our taxonomies may not be
relevant to all interactions, and people may change over time, inducing changes in the
factors that influence their interactions with robots. For these reasons, we advocate for
iterative interaction design processes (e.g., as in [205) 151} 230]), where interactions are
repeatedly prototyped, tested, and refined. Additionally, because user testing can be slow
and expensive, it is important for the HRI community to continue innovating in design and
evaluation methodologies which can accelerate understanding of social contexts. These
methodologies may include the use of simulations [[148,|335], virtual and augmented reality
technologies [313,351], front-end human-robot interfaces [330], crowdsourcing [206, 334],
etc. While these methodologies may not fully replicate real-world results [217, 1336, [107],
they can accelerate the identification of socially contextual information and, hence, help

develop better interaction paradigms and robust robotics technology.

3.5.2 Robot behavior generation during interactions

The proposed conceptual model for the social context of human-robot interactions can
aid in developing autonomous robot behavior. Previous work has shown that adapting a
robot’s behavior to different contexts can improve user experience [267, 240]]. Intuitively,
imagine that a robot had a computational model of the social context of a human-robot
interaction — that it understood what attributes of the relevant agents, environment(s) and
of their associations influenced the actions of the agents of interest. If the robot could
predict the outcome of these influencing effects, it could then generate suitable behavior by
searching over its action space for the best actions that help it achieve a desired outcome.
This behavior generation setup is generally intractable but approximations have found value

in HRI, e.g., via receding horizon planning or optimization (249,121, 273].
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Computationally representing social contexts and, further, learning the dynamics of
interactions in a way that captures all relevant socially contextual information is a difficult
challenge. First, a particular interaction may contain extensive amounts of socially con-
textual information. Foundational work on computationally modeling the social context
of an agent in robotics utilized symbolic representations [251, 254]. While effective at
describing varied contexts, such representations can be potentially prohibitive from a space
requirement due to the explicit nature of the symbolic abstractions. Given recent advances
in representation learning with neural networks, there is opportunity for implicit represen-
tations of social contexts to be more scalable. But HRI data is scarce, making the use of
inductive learning biases likely necessary for effective generalization [233]]. In particular,
we hypothesize that utilizing relational abstractions or graphs (as in Figure [3.2) and ma-
chine learning models designed specifically to reason about these abstractions, like Graph
Neural Networks [28], could be beneficial for HRI given the importance of associations
between agents and environments in the social context of an interaction. Indeed, recent
work in HRI has utilized graphs as abstractions to encode attributes of the environment
and team dynamics [8], for learning cost functions for motion planning [227], and as state

abstractions for learned social robot behavior policies [[125].

Second, it is not clear what the best level of specificity is for computationally abstracting
socially contextual information. For instance, consider a person’s utterance. It could be
computationally abstracted as a high-level intent, text, or a sound wave. Which abstraction is
more useful in practice depends on what the robot is trying to achieve during an interaction.
For example, high-level intent could be useful for coordinating the robot’s behavior with
the user [156]. The sound wave could aid in synchronizing the robot’s speech with the
user to build rapport [253]. Thus, we suspect that general and efficient computational

abstractions for social contexts will ultimately need to be hierarchical. In alignment with
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this hypothesis, the spatial reasoning community in robotics has advocated for hierarchical,

metric-semantic environment maps to enable complex physical robot behavior [157].

Third, important socially contextual information is not directly observable by robots,
such as internal mental states. While machine learning techniques are fueling a variety of
approaches for inferring internal human states, e.g., from affective states [9, 303, 78] to
perceptions of robot behavior (89,1308, 371], it remains difficult to measure these internal
states in a scalable manner. This poses challenges for building datasets on which to train

models and evaluating prediction performance in practice.

Given these challenges and recent advancements in generative Artificial Intelligence,
it may seem natural to resort to large neural network models, like Vision-Language Mod-
els (VLMs) to generate socially-contextual robot behavior. For robot manipulation and
navigation, VLMs built on large-scale Internet data are serving as effective backbones for
improved scene understanding, and bridging the gap between high-level instructions and
low-level control (e.g., see [349, 301]]). In HRI, large models are becoming increasingly
popular to create models of humans [368]], generate more varied robot speech [300, [185],
and implement a variety of functionality in the control system of a robot [358]. However,
there is limited data capturing subjective human feedback that can be used in HRI to learn
end-to-end robot policies with large models. Additionally, though large models seem to be
ever-improving, their reasoning remains opaque, making it difficult to understand why, or
even when, these models make mistakes. This motivates incremental learning approaches
focused on continued improvement of robot autonomy [77] as well as utilizing a variety of

human feedback [71, 70, [113] to adapt or steer robot behavior policies.
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3.5.3 Post-interaction analyses

The proposed conceptual model for the social context of human-robot interactions can help
to understand interactions after they have taken place. For example, one could analyze the
appropriateness of robot behavior based on the relevant social norms that apply to them,
which are part of the social context. This idea is in line with prior work in social robot
navigation, which has categorized social situations to identify types of interactions where
robot performance needs improvement [335]], investigated how organizational factors affect
the way people respond to delivery robots [239], or classified the environment to adapt
robot behavior to different social norms [22]. Furthermore, our taxonomies for socially
contextual information can help HRI researchers think about potential confounds that
could lead to incorrect conclusions in experimental HRI work because, by definition, the
attributes of the social context influence interactions. Finally, our conceptual model could
also aid in defining the concept of “generalization” in HRI. Research in Human-Robot
Interaction has called for building a generalizable theory of HRI from “in the wild” social
encounters [178]: “a principled understanding of what to expect with different types of
robots, performing different types of tasks, in different types of social situations and
cultures.” Our conceptual model for the social context of human-robot interactions can
serve to establish a broadly-applicable notion of generalization for such theories, where
effective generalization entails predicting accurate outcomes in novel social contexts. These
novel contexts are characterized by novel values for known socially contextual information,
as well as by completely novel environment, agent, and association attributes that influence

an interaction of interest.

It would be transformative if robots could reason about causal effects in social encoun-

ters based on their observations of interactions and new data that they collect. Recent work
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demonstrates the feasibility of learning causal relationships within the HRI domain given a
known set of relevant features [|102, (62, [63]], but more work is needed in this direction to
capture a wider range of socially contextual information. Ultimately, causal competency,
including understanding the social context of human-robot interactions, may be necessary

for autonomous, social robots to behave ethically in novel situations [[142].
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Chapter 4

Soliciting Explicit Signals

A publication on this experiment appeared in the 2023 ACM/IEEE International Con-

ference on Human-Robot Interaction [[57]:

“Verbally soliciting human feedback in continuous human-robot collabo-
ration: Effects of the framing and timing of reminders,” K. Candon, H.
Zhou, S. Gillet, and M. Vazquez. In Proceedings of the 2023 ACM/IEEE

International Conference on Human-Robot Interaction (HRI), 2023.

Now that we have a framework for social context, we explore how robots can actively shape

this social context to solicit more explicit feedback for learning.

Specifically, in situations where humans are not providing enough feedback during an
interaction, we propose that a robot could remind them to provide feedback. This strategy
could work well because robots can influence human behavior, as demonstrated in a wide

range of work (e.g., [108} 150,123,197, 1289, 82]). However, it then becomes essential that
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Figure 4.1: Experimental setup for our study.

the robot does not annoy the human with reminders, thus making it important to understand

how to make the reminders impactful.

We conducted a study to investigate how robots should remind humans to give evaluative
feedback in fast-paced, cooperative interactions. Participants played a collaborative game
with a robot, as shown in Fig. 4.1] The novelty of this interaction setup was twofold. First,
the game was a continuous task, more similar to autonomous driving [283] than more
typical turn-based interactions in collaborative robotics [97, 252} 1309]. Second, the human
interactant had additional objectives other than solely providing feedback to the robot (as is
common in robot learning [162} 152} 13} 49, [196]). Overall, the interaction was naturalistic

from the perspective that both the human and robot were busy with their own agenda.

Our study focused on investigating two factors that could influence humans receiving
feedback reminders from robots: 1) the framing of the robot’s utterances (highlighting the
robot individually or its human-robot team); and 2) the timing of reminders (relative to a
situation in which the robot changed its behavior in the game). Our results suggest that
highlighting the individual robot versus the human-robot team in reminders can influence

how participants feel about the robot and about providing feedback during the interaction.
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Also, the timing of reminders can impact when participants provide feedback about the
robot’s performance. Our work provides interesting insights on how to design robots that

learn from humans in realistic, continuous collaboration scenarios.

4.1 Related Work

As discussed in Chapter 2] an active area of research concerns how to equip robots to adapt
to individual preferences (320, 4], which are often learned through human feedback [88]].
However, much of this research investigates turn-based tasks and scenarios where users
are only focused on providing feedback (e.g., [49, 309]). To complement this research,
we study general reminders for feedback in continuous collaborations. This is important
because the time when a robot asks for feedback is not necessarily the best time for the

human to provide feedback.

To the best of our knowledge, general feedback reminders have not been explicitly
studied before in HRI; nevertheless, prior work provides insights on trade-offs when
requesting feedback. For example, robots must be able to ask for feedback without annoying
the human [135] or asking too many questions [356]. Thus, robots have the difficult task
of ensuring requests or reminders for input are frequent enough to be useful, but not too
incessant [34]. One approach is to identify opportune times for interruptions [1], such as by
modeling user attention [[183]]. It is also important to try to maximize the benefit from an
interruption when a disruption is necessary. Thus, another approach is to study the way in

which robots should remind humans to provide feedback most efficiently.

While current work typically studies how to leverage the ways in which humans

naturally communicate when teaching a robot [65} [180, 321, [109]], we are interested in
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understanding if robots can influence how much feedback humans provide. Close to our
work, Rogers and Howard [278]] found that an agent’s embodiment influenced how much
reward or punishment humans provided in a financial advisement scenario. Additionally,
there is evidence that people provide more frequent feedback when an agent chooses bad
actions [192]]. However, our goal is to elicit more feedback without harming performance.
The next sections describe related work on two specific aspects of feedback reminders

relevant to our study.

Robot Framing in Communication: Robot communicative signals are able to influence
human actions and perceptions of a robot (e.g., in one-on-one settings [108, 150, 289, 269,
361]] and in groups [297, 1197, 182, 123/ [104]). One interesting aspect of robot communica-
tion is how the robot frames itself relative to others. For example, whether a robot framed
itself as competitive or relationship-oriented impacted how much participants looked at
and supported the robot in a card game [256]]. Additionally, how a robot attributed blame
amongst a group influenced how much humans trusted the robot [132, 179, 341]]. Close
to our work, Salomons et al. [285] found that whether the robot referred to itself as a peer
or as a teacher affected how much humans learned over the course of an interaction. This

corpus of work inspired us to investigate:

Research Question 1: Will framing feedback in a reminder as helping the team versus
helping the individual robot influence how humans provide feedback or feel about the

interaction?

Timing of Robot Actions: Another important factor of reminders is timing. Timing can
be critical in human-robot communication [79]. For instance, the time when a robot helps a
human can impact the human’s perception of the robot [23]]. The timing of robot actions

can also affect the fluency of human-robot interactions [51,165]. Consequently, we asked:
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Research Question 2: How does the timing of a feedback request influence when the

human provides feedback?

Because prior work has shown that humans not only provide feedback in response
to past actions, but also to guide future behavior [321} [186], we investigated the above

question in relation to an important change in robot behavior during interactions.

4.2 Interaction Task: Space Invaders

Typically, when a robot learns from a human, the human’s only objective is to teach the
robot (e.g., [324, 288l [190]). Also, tasks are usually turn-based, where the robot takes
an action and then waits for the human to provide feedback [352]. However, everyday
interactions are more fast-paced and involve competing priorities. Thus, we chose to
study feedback reminders in a two-player Space Invaders game, requiring continuous and
fast-paced decision-making and action. The game was inspired by prior work on ad-hoc

cooperation [199] and unexpected help from a virtual agent [S5]].

In our version of Space Invaders, a human controlled a purple spaceship that spawned
on the left side of the game screen and the robot controlled the spaceship that spawned on
the right side (Fig. {4.1)). Rows of enemies appeared at the top of the screen and moved
downwards until they were destroyed or reached the bottom of the screen. The participant
and robot had one team score and received points for destroying enemies. Both players
started the game with four lives and lost a life when they collided with an enemy or a bullet.
The game ended when all enemies were destroyed, when both players lost all their lives, or

when an enemy reached the bottom of the screen.

The participant used the right and left arrow keys to move within the bounds of the
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Figure 4.2: Experiment timeline. The robot reminded participants to provide feedback about
the robot’s performance in games 3 and 4. The first image shows the game instructions that
were shown to the participant before each round of Space Invaders (best viewed in digital
form). The other images show the three gameplay strategies for the robot’s spaceship, as
described in Sec. The robot’s spaceship was dark grey (a), white (b), or light grey (c).
The bottom set of blocks shows the state of the robot.

screen and pressed the spacebar to shoot. They provided explicit, evaluative feedback to
the robot by pressing the up arrow (positive feedback) or down arrow (negative feedback)
on their keyboard. When participants pressed the up or down arrows, “good job” or “bad
job” text appeared on the screen to ensure participants were aware that their feedback was

received.

Robot Gameplay Strategies. Space Invaders allowed us to create three visually different
gameplay strategies for the robot’s spaceship based on when the spaceship travelled to the
left side of the screen (the participant’s side). The strategies helped familiarize participants

with the game dynamics and study the effects of timing on feedback requests.

1) Uncooperative strategy: The robot only destroyed enemies on the right side of the
screen. Because the robot could shoot slightly faster than the human, the robot always
destroyed all of the enemies on its own side before the participant destroyed the enemies on
their side. Once all of the enemies on the right side were destroyed, the robot waited for the

participant to finish destroying the enemies on the left side. For games in which the robot
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utilized the uncooperative strategy, the robot’s spaceship was dark grey, as shown in Fig.

d.2)(a).

2) Early-cooperative strategy: The robot went over to the left side of the game screen to
help the participant destroy enemies on three visits during the game. For games in which

the robot utilized this strategy, the robot’s spaceship was white, as shown in Fig. .2b).

The first visit to the participant’s side of the screen was central to our study manipula-
tions. When using the early-cooperative strategy, the robot emphasized the first visit by
announcing “Look we/l are/am destroying enemies on the left side of the screen!” We
wanted to ensure that participants noticed that the robot moved to the left side of the screen,

exhibiting a new gameplay behavior.

3) Late-cooperative strategy: The robot only went over to the left side of the game screen
to help destroy enemies after all of the enemies on the right side were destroyed. For games
in which the robot utilized this strategy, the robot’s spaceship was light grey. Fig. .2(c)

depicts the late-cooperative strategy.

Implementation. We implemented the game with browser-based client technologies and
a Python server. We used the Robot Operating System (ROS) [268] to provide game
information to the robot. The supplementary material provides more implementation

details.

4.3  Method

We conducted a user study to investigate the effects of how and when a robot reminded a

participant to give feedback about the robot’s behavior. Participants played six games of
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Space Invaders with a Nao robot, as in the timeline of Fig. The participants were asked
to help train the robot to be a good teammate by providing positive and negative feedback.
The robot exhibited three different gameplay strategies, each for two games: uncooperative,
early-cooperative, and late-cooperative (as described in Sec. 4.2)). The uncooperative robot
strategy served to familiarize participants with the game while playing with the robot.
The early-cooperative strategy was the main focus of our study. The robot only reminded
participants to provide feedback to the robot in these two games. The late-cooperative
strategy was included in our study to evaluate if effects of our experimental manipulations,
which are explained next, persisted in later interactions. These three gameplay strategies
were intended to highlight changes in the robot’s behavior, rather than being independent

variables themselves.

4.3.1 Study Design

To investigate the research questions outlined in Sec. {.1] we designed a 2x2 between-
subject study with Framing (Individual vs. Team) and Timing (Before vs. After) as
independent variables. The robot reminded the participant to provide feedback once in the
third and fourth games of Space Invaders experienced in the study. The feedback reminders

varied by:

Framing of utterances: We varied how the robot verbally referred to itself during game-
play using “I” vs. “we” pronouns. With the Individual framing, the robot referred to itself
using the first-person, singular pronoun “I”, e.g., “I’'m ready to play” and “Remember to
give feedback so I am a better player!” These utterances referred to the individual robot
and focused the reminder on improving its gameplay. With the Team framing, the robot

referred to itself using the first-person, plural pronoun “we”, e.g., “We’re ready to play” and
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“Remember to give feedback so we are a better team!” In the Team framing, the reminder

was focused on improving the human-robot team, rather than the individual robot.

Timing of the reminder: We also varied when the robot reminded the participant to give
feedback relative to changing its gameplay behavior. In particular, the robot’s spaceship
began playing Space Invaders on the right side of the screen. At three different points
during the early-cooperative games, the robot’s spaceship crossed over to the left side of
the screen in order to help the participant. Our manipulation focused on the first of the
robot’s visits to the left side of the screen in both games 3 and 4. As explained in Sec. 4.2]
the first crossover was announced with “Look we/I are/am destroying enemies on the left
side of the screen!” With the Before reminder, the robot reminded the participant to give
feedback before its spaceship crossed over to their side of the screen and announced the
new behavior. With the After reminder, the robot’s spaceship crossed over to participant’s
side of the screen, announced the new behavior, and then reminded the participant to give

feedback once it was back on the right side of the screen.

The text bubbles and timelines in Fig. {4.3]illustrate the difference between the Before
and After reminders for the Team framing. See our supplementary video for examples of

experimental conditions.

4.3.2 Hypotheses

We hypothesized that our independent variables would have an effect on when participants
provided feedback during the collaboration, and on how they reported feeling about the

robot and the interaction. Specifically, in response to R()1, we hypothesized:

H1a. Humans will give more feedback during the interaction with the Team framing than
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with the Individual framing.

H1b. Humans will feel more positive about giving feedback and about the robot with the

Team framing than the Individual framing.

Hla and H1b were motivated by the psychology literature. By using the “we” pronoun, the
robot stressed that the participant and the robot belonged to the same group. These feelings
of group membership have been found to increase helping behaviors [209] and perceived
responsibility for helping [210]]. In our study, the participant helped the robot by providing
feedback so that the robot could learn to be a better teammate in the future. Further, prior
HRI work found that participants perceived a robot that expressed group-based emotions as

more likeable and trustworthy than a robot that expressed individual-based emotions [83]].

With respect to R()2, we hypothesized:

H2a. Humans will give more feedback with the Before reminder than with the After

reminder.

H2b. Humans will give feedback more quickly with the After reminder than with the

Before reminder.

H2a and H2b were motivated by prior work on robots guiding human attention [[153} 366,
316]. Also, humans provide feedback both in response to past actions and to guide future

behavior [321, [186]].
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Figure 4.3: Robot behavior and related measures in the early-cooperative strategy (games
3 & 4) for the two timings of feedback (Before & After). Measures include ten-second
windows (W) and elapsed time to next feedback press by participant (E) measures from
game events. Italicized labels signify static measures across Timing conditions; non-
italicized labels signify measures that differ across Timing conditions. Example shows
Team framing, but measures were the same for Individual framing.

4.3.3 Setup

The experiment was conducted in a small office on a university campus in the United
States. The room contained a table with a computer screen and a tablet. The participant
sat in an office chair facing the computer screen, and the robot was on the table next to the

participant. The physical setup is illustrated in Fig.

We used the Nao robot by Softbank Robotics for our study. Nao is a humanoid robot. It
is 22.6 inches tall, though it sat for the entirety of our study. The Nao was fully autonomous
and controlled by the Python SDK for Naoqi on a computer running ROS. The robot spoke
to the participant on set occasions throughout the interaction. We implemented a basic
idling behavior where the Nao moved its head slightly every eight to fifteen seconds during

the Space Invaders games so that it would seem attentive and engaged.
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4.3.4 Procedure

Fig. summarizes the sequence of events in a study session. After giving informed
consent, participants filled out the pre-interaction demographics survey, which also included
personality data via the Ten Item Personality Measure (TIPI) [[128] and the Berkeley

Expressivity Questionnaire (BEQ) [[134].

The experimenter then instructed the participant to enter the office, sit at the computer,
and complete a webcam check to ensure that the recording was working. Next, the
experimenter explained the setup and controls for the Space Invaders game, including how
to give positive or negative feedback to the robot. The participant was told the robot was
still off, so the robot’s spaceship would not move or shoot during the tutorial that followed.

The experimenter stayed in the room while the participant completed the tutorial.

After the tutorial, the experimenter asked the participant to help train the robot and
reminded the participant that the robot was their teammate. The experimenter stated: “The
robot already knows how to play the game, but not how to be a good teammate to
you. You should give the robot feedback so that it learns to play in the way you like.”
Participants were informed that the robot would not be adjusting its behavior based on
feedback provided during the game, but that feedback would be used to improve robot
behaviors in the future. The experimenter instructed the participant to turn on the robot,

and the robot introduced itself. The participant then began the first game of Space Invaders

with the robot.

The participant played six games of Space Invaders in total. One game of Space
Invaders took on average 96.15 seconds (SE = 0.69). The first two games were with the

uncooperative strategy, the middle two games were with the early-cooperative strategy, and

58



the last two games were with the late-cooperative strategy. After each pair of games with
a specific strategy, the participant answered a brief set of post-strategy survey questions.
Finally, the participant answered a set of survey questions about the entire interaction. In
order to reduce the likelihood that the participant interacted with the robot while answering
survey questions, the robot stated “/'m going to take a nap now while you answer some

questions.”

At the end of the study, participants were compensated US$10. The interaction lasted
approximately 35 minutes. The protocol was reviewed by our Institutional Review Board

and refined via pilots.

4.3.5 Dependent Measures

We considered both objective and subjective measures in our study. For analysis of
participant-provided feedback, we analyzed game logs for up and down button presses.
Important game events included when the Before and After reminders would have been and
when the robot announced its new behavior. Unless otherwise noted, survey questions were
scored on a 7-point agreement scale with 1 being “strongly disagree” and 7 being “strongly

agree.”

Rate of feedback: We calculated how many times participants provided feedback with
button presses via game logs. To account for varying game length, we computed feedback
signals per minute (fspm). We analyzed the rate of feedback across entire games, as well

as in ten second windows after important events in games 3 and 4, as depicted by the W

measures in Fig.

Elapsed time to feedback: We analyzed the number of seconds from game events to
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when the participant next provided feedback with the up and down keys. Fig. shows the

elapsed time measures (E) we analyzed and how they differ between Timing conditions.

Feedback process: After completing all six games, participants were asked a series of
questions about the process of providing feedback. They provided free text responses and
rated how strongly they agreed it was difficult or distracting to give feedback, and if they

thought they were able to give the robot helpful feedback.

Perceptions of Robot: After playing two games with each robot gameplay strategy,
participants rated statements about the robot. The statements included if the robot was

helpful, proficient at the game, or annoying, and if the participant liked the robot’s behavior.

4.3.6 Participants

Our study had a total of 72 participants, with 18 participants in each of the four conditions.
One participant in the Team-Before condition was excluded because they continuously
provided feedback in all rounds of Space Invaders and their survey responses were in-
consistent with the provided instructions. Thus, our final participant pool had 71 total
participants. Participants were recruited via flyers, online postings, and word of mouth.
They were required to be at least 18 years of age, be fluent in English, and have normal or

corrected-to-normal hearing and vision.

Table {.1) summarizes participant demographics. On average, participants indicated
using a computer daily (M = 1.08, SD = .50) and playing video games between once a
week and once a month (M = 4.27, 5D = 1.62). Specific to Space Invaders, 21% reported
playing the game before, 49% reported never having played the game, and 30% were not

sure. The majority of participants (65%) reported that they interacted with robots less than
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Table 4.1: Partici | hics | lifi
Framing Timing N #Males #Females Age (1 F o)

Individual Before 18 8 10 23.78 F 6.11
Individual After 18 9 9 26.50 F9.70
Team Before 17 8 9 23.82 F 4.57
Team After 18 8 10 23.78 F 3.57

All 71 33 38 2448 F 6.42

once a month.

4.3.7 Manipulation Checks

4.3.7.1 Framing of utterances

In the final set of survey questions, we asked participants to rate the frequency that the
robot referenced itself and the team (with 1 being “never” and 7 being “always”). We
used a standard least squares model considering Framing, Timing, and their interaction
as main effects. Participants in the Individual conditions stated that the robot referenced
itself significantly more frequently (M = 4.61, SD = .26) than participants in the Team
conditions (M = 2.54,SD = .26), F'(1,67) = 31.56,p < .0001. On the other hand,
participants in the Individual conditions stated that the robot referenced the team signif-
icantly less frequently (M = 2.78, SD = 0.29) than participants in the Team conditions
(M = 4.80,SD = 0.29), F(1,67) = 24.63,p < .0001. These results suggest that our

Framing manipulation was effective.
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4.3.7.2 Timing of reminders

After the third and fourth games of Space Invaders, the survey asked participants to
identify when the robot reminded them to give feedback. In the Before conditions, 68% of
participants correctly answered “before the robot said that it was destroying enemies on the
left side of the game screen”, 26% participants answered incorrectly, and 6% participants
answered that they did not remember the ordering. In the After conditions, 75% participants
correctly answered “after the robot said that it was destroying enemies on the left side of
the game screen”, 11% participants answered incorrectly, and 14% participants answered
that they did not remember the ordering. This suggests that our Timing manipulation was

perceived effectively by most participants.

Importantly, the difference in the Timing independent variable was not evident until
games 3 and 4. However, an REML analysis showed that Timing had a significant effect
on the rate at which participants provided feedback in games 1 and 2 (p = .003), even
though this manipulation was not yet evident. This led us to investigate and identify
four covariates through correlation analyses: amount of feedback provided in the tutorial
(r(142) = .46,p < .0001), time to first button press in first game (r(142) = .33,p <
.0001), participant agreeableness (r(142) = —.31,p = .0002), and positive expressivity
(r(142) = .19, p = .02). These covariates accounted for the difference by Timing in games
1 and 2. Therefore, all statistical analyses in Sec. include these covariates. We also
confirmed that significant differences in the manipulation checks described for Timing and

Framing persisted after the addition of the covariates.
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4.4 Results

This section presents our results based on the measures described in Sec. Unless
otherwise noted, we used linear mixed models estimated with Restricted Maximum Likeli-
hood (REML) analyses [325] via JMP Pro [164] to statistically examine survey data and
participant feedback. In these analyses, Framing (Individual or Team) and Timing (Before
or After) were considered as main effects, and participant ID was a random effect. When
the measures were repeated by game number or gameplay strategy, we included Game
Number or Gameplay Strategy as a main effect. We also set our selected covariates from
Sec. as fixed effects. We conducted post-hoc Tukey Honestly Significant Difference

(HSD) tests or post-hoc Student’s t-tests as appropriate.

4.4.1 Rate of Feedback

First, we present results of analyzing the rate of feedback across all games and in specific

windows of time within games (as in Fig. .3)).

4.4.1.1 All games

Across all six games of Space Invaders, participants provided an average of 8 feedback
signals per minute (fspm) (M = 8.02,SE = 0.71). This ranged from 0 to 160 fspm,
with a median value of 4.04 fspm. A REML analysis, including Game Number as a main
effect, showed no significant effects by Framing, Timing, or their interaction. The REML
analysis did show a significant difference by Game Number, F'(5,340) = 2.33, p = 0.0423,
but a post-hoc Tukey HSD test showed no significant differences. When considering

average feedback across the full length of the games, it is likely that differences from our
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Figure 4.4: Rate of feedback in three windows described in Fig. 4.3/ by Timing. Unit is
feedback signals per minute (fspm).
manipulations in games 3 and 4 were diluted through the whole interaction. Thus, we also

looked at the rate of feedback in specific windows of time within games.

4.4.1.2 Specific windows

As discussed in Sec. .3.1] the robot reminded participants to provide feedback during
games 3 and 4. In the ten seconds after the reminder (WR), the rate of feedback varied
significantly based on the Timing of the reminder, F'(1,63) = 5.71,p = .02, and on the
Game Number, F'(1,68) = 7.43, p = .008. Participants provided more frequent feedback in
WR when the reminder was Before the robot changed its behavior (M = 22.03, SE = 2.92)
than After (M = 11.99, SE = 2.87), as shown in Fig. Participants also provided more
feedback in Game 3 (M = 19.78, SE = 2.24) than Game 4 (M = 14.24, SE = 2.24) in
this window (WR).

Because the window after the reminder (WR) had the robot’s spaceship in different
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parts of the game screen based on the Timing of the reminder, we evaluated the rate of
feedback in other windows to further investigate the influence of our manipulation. First,
we compared the rate of feedback in the ten seconds after when the Before reminder
would have been between the Timing conditions (WB), and found a significant difference,
F(1,63) = 13.38, p = .0005. Participants in the Before conditions provided more frequent
feedback (M = 22.27, SE = 2.93) during this window than participants in the After
conditions (M = 6.85, SE = 2.88) who did not receive the reminder at the start of this
window (WB). For WB, the actions of the robot’s spaceship were consistent between
Timing conditions, so we can assume that the difference is due to the presence of the
reminder in the Before conditions. Therefore, it is unlikely that the difference in the rate of
feedback that we saw before for WR was due solely to the actions of the robot’s spaceship
in the game, which differed between the ten seconds following the Before reminder and the

After reminder.

Second, we compared the rate of feedback in the ten seconds after the first utterance
(WU) and found a trend for Timing having an effect on the results (p=.06). The participants
in the Before conditions provided feedback at a rate of 21.74 fspm (SE = 3.11) while
participants in the After conditions had a rate of 13.10 fspm (SE = 3.07). This suggests
that for WR, the increased amount of feedback with the Before conditions was not just due

to the novelty of the robot speaking for the first time in the Before conditions.

Had the rate of feedback not been higher in WB with the Before reminder than without
the Before reminder (due to the participant being in the After conditions), it could be argued
that the Before reminder happened to occur at a point in the game when participants were
inherently more likely to provide feedback. However, because participants with the Before
reminders provided more feedback than participants with the After reminders in both WB

and WR, we conclude that the Before reminder increased participants’ feedback.
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Timing did not have a significant effect on the rate of feedback during the second and
third visits in the early-cooperative games, nor during the end of games 5 and 6, when it
became evident that the robot had a new gameplay strategy. The Framing of robot utterances
(Team vs. Individual) had no significant effect on the rate of feedback provided in any

window-based measure.

4.4.2 Elapsed Time to the Next Feedback

We investigated if there were differences in the elapsed time between when the robot
reminded participants to give feedback and when participants next provided feedback via
the up or down arrow keys (ER). An REML analysis revealed a significant difference
by Timing, F'(1,63.91) = 4.38,p = .04. Participants with the Before reminder (M =
3.24,SE = 1.03) provided feedback more quickly than with the After reminder (M =

6.35, SE = 1.02). There were no other significant effects on the ER measure.

Similar to the secondary analyses for the rate of feedback in specific windows, we again
analyzed other elapsed-time measures to evaluate the influence of our manipulation. First,
we compared the elapsed time from when the Before reminder would have been across both
conditions (EB). We found that the elapsed time varied significantly by Timing for the EB
measure, F'(1,63.74) = 44.29, p < .0001. Participants with the Before reminders (M =
3.20, SE = .94) provided feedback significantly more quickly when the Before reminder
was uttered than when the Before reminder was not uttered (because participants instead
received the After reminder) (M = 12.23, SE = .92). This suggests that the reminder did
influence how quickly the participant provided feedback, and the difference observed for
ER was not just due to the position of the robot’s spaceship, which was the same for both

Timings in EB. Additionally, the interaction between Timing and Game Number had a
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significant effect on elapsed time to feedback in EB, F'(1,67.91) = 8.54, p = .005. The
post-hoc test showed that Game 3 (M = 2.56, SE = 1.16) and Game 4 (M = 3.84, SE =
1.18) with the Before reminder led to faster feedback than Game 4 with the After reminder
(M =10.07,SE = 1.14). Also, these three combinations (Before-3, Before-4, and After-
4) had significantly faster feedback than Game 3 (M = 14.39, SE = 1.14) with the After

reminder.

Second, because the After reminder was the second utterance of the manipulation, we
also conducted an REML analysis on the elapsed time between the robot’s first utterance of
the manipulation in games 3 and 4 and when the participant next provided feedback (EU).
Again, there was a significant difference in the elapsed time by Timing, F'(1,63.76) =
13.93, p = .0004. Participants with the Before reminders (M = 3.33, SE = .84) provided
feedback more quickly after the first utterance than with the After reminders (M =
7.81, SE = .82). This result suggests that it was not only that participants responded to
the robot saying something in the middle of the game, but that the reminder itself was

important. There were no other significant differences.

4.4.3 Reasons for Providing Feedback

Participants predominantly provided positive feedback to the robot: 83.5% of all participant
feedback across all six rounds of Space Invaders was positive. Participants were asked to
select all reasons that they gave feedback. Reasons from most to least commonly selected
were: “when the robot was on the left side of the screen” (87%), “when the robot was trying
to help” (83%), “when the robot was on the right side of the game screen” (70%), “when the
robot was not helping” (56%), “when the robot was not being efficient” (35%), “randomly”

(30%), and “when the robot lost a life” (11%). Additionally, ten participants (14%) selected
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“Other”. When asked to elaborate on why they chose “Other”, nine of the ten participants
provided another rationale for giving positive feedback. Of the nine, four participants said
they provided feedback when the robot was performing better than they were. For example,
P124 wrote “I would look over and see the robot had done a better job of destroying
enemies than I did, and I gave it positive feedback based off of that.” The other five
positive reasons were not relative to the participant, but just that the robot was doing well in
general, e.g., “when I saw it was shooting with high frequency” (P105) or “whenever it
finished clearing its side” (P186). The one negative reason that was provided was “when
the robot was on the left side of the screen but there were still enemies on the right

side of the screen” (P102).

4.4.4 Perceptions of the Feedback Process

We next analyzed post-interaction survey questions about the feedback process. The REML
analysis showed that how strongly participants agreed that the feedback they provided was
helpful varied significantly by Framing, F'(1,63) = 6.42, p = .01. Participants in the Team
conditions more strongly agreed (M = 5.72, SE = .24) that they were able to give helpful
feedback to the robot than participants in the Individual conditions (M = 4.87, SE = .23).
Neither Timing nor the interaction between Framing and Timing had a significant effect on
this measure. There were no significant differences by Framing, Timing, or their interaction

on how strongly participants agreed that giving feedback was distracting or difficult.

4.4.5 Perceptions of the Robot

We conducted REML analyses for the post-strategy survey measures about participant

perceptions of the robot. Because survey questions were after two games with a specific
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Figure 4.5: Participant agreement with “I liked the behavior of the robot in the game”
(Liked), “The robot was proficient at the game” (Proficient) and “The robot was annoying”
(Annoying) on a 7-point responding format.

strategy, robot Gameplay Strategy was included as a main effect. However, given that it is
not the focus of this chapter, we do not include results for differences by robot Gameplay

Strategy.

An REML analysis showed a significant difference by Framing in how much participants
liked the behavior of the robot in the game, F'(1,63) = 4.74,p = .03. Participants that
experienced the Team framing (M = 5.96, SE = .15) liked the robot more than those
that experienced the Individual framing (M = 547, SE = .15). The analysis also
showed significant differences by Framing in how proficient (#'(1,63) = 16.11, p = .0002)
and annoying (F'(1,63) = 7.57,p = .008) the participants found the robot. The Team
framing led to the robot being perceived as more proficient (M = 6.77,SE = .07)
and less annoying (M = 1.82,SE = .15) than the Individual framing (proficiency:
M = 6.35,SE = .07; annoyance: M = 2.40, SE = .15).
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We found no other significant effects of Framing, Timing, or their interaction on

perceptions of the robot.

4.5 Discussion

Our first hypothesis (H1a) was not supported. The framing of utterances did not significantly
impact the rate of feedback within games nor in the relevant windows of time that we

analyzed.

H1b was supported as the participants felt more positively about giving feedback and
about the robot when the reminder was framed as helping the team compared to when it
was framed as helping the individual robot. Participants that experienced the Team framing
more strongly agreed that they were able to give helpful feedback (Sec. §.4.4). This could
be advantageous for future human-robot interactions because individuals may continue
to provide feedback throughout longer interactions if they feel that the feedback they are
providing is worthwhile. The Team framing also made the robot seem more proficient and
less annoying, and participants reported that they liked the robot’s behavior more compared
to the Individual framing (Sec. .4.5). While the Framing manipulation did not appear to
influence participant actions, it did influence how participants felt about the interaction.
Our results reinforce prior work that shows that even a difference of just a few words in

how a robot communicates with users matters [83), 1285]].

We found partial support for H2a, which stated that participants with Before reminders
would provide more feedback. While the difference was not significant when we considered
full games, participants did provide more feedback in the ten seconds after the Before

reminder than in the ten seconds following the After reminder. We suspect this difference
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was because the robot guided the human’s attention to its new behavior with the Before
reminder, whereas there was not a novel behavior following the reminder in the After
conditions. Based on the results in Sec. [4.4.1] we are led to believe that a reminder before

the robot changes its behavior is more fruitful than a reminder after the change in behavior.

We did not find support for H2b, but instead found evidence that suggests a reverse
effect. We hypothesized that participants would give feedback more quickly when the
reminder was after the change in behavior. Instead, we found that participants more quickly
provided feedback when the reminder was before it was apparent the robot was trying a new
gameplay behavior. Whether the goal is to increase the amount of feedback provided or to
decrease the elapsed time until the robot receives feedback, the Before reminder appears

advantageous based on our study results.

Importantly, participants provided less feedback in the ten seconds after the reminder
to give feedback in Game 4 than in Game 3 (Sec. {.4.1)). This difference highlights the
importance of novelty and underscores the importance of understanding how feedback
reminders in HRI can be most effective, because it appears that reminders become less

meaningful as they are repeated (as in [214]]).

Our findings are limited to evaluative feedback. We chose to focus on this type feedback
because it required minimal interruption to the participant’s own task. However, we posit
that our results will transfer to other types of feedback, but would need to study this in
future work. In this regard, we suspect that with other kinds of feedback (like corrections),
our results may even be stronger than in this study because humans would likely have to

focus more on the process of providing feedback for these other types.
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4.6 Limitations and Future Directions

Our work was limited in several ways, which highlight opportunities for further research.
First, our study was conducted in the context of a Space Invaders game. Future research
should investigate if the proposed methods for eliciting human feedback are generalizable
to other interactions, especially tasks involving more physical manipulation by the robot,
e.g., robots learning how to cook with users [281), 1355]], build physical objects [[139, 6],
or deliver parts in assembly lines [338]]. Second, it is possible that participants were less
sensitive to the robot’s behavior because its actions changed a virtual environment, not the
physical state of the world, even though the robot was situated next to them. Third, in our
study, the robot already knew how to play Space Invaders, so participant feedback was for
the purpose of fine-tuning collaborative behaviors. It would be interesting to investigate
how feedback reminders influence participants when the robot has no prior knowledge of
how to perform a task. Another limitation is that the algorithm that determined when a
robot reminded participants to provide feedback was based on heuristics and fixed. Future
work should investigate how to adapt the framing and timing of reminders to the behavior of
users. Finally, our work studied the quantity of feedback provided, but it will be important

for future work to study the quality of the feedback provided by humans.

4.7  Conclusion

We investigated the effect of general reminders for humans to provide feedback about a
robot’s behavior during continuous, collaborative interactions with a robot. Our experimen-
tal setup was valuable for investigating human feedback in HRI because while providing

feedback, participants were also engaged in the Space Invaders task, which required con-
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tinuous attention and action on their part. We found that by reminding participants to
provide feedback before the Nao tried a new gameplay behavior, the robot could influence
participants to provide feedback more quickly and more frequently. Although framing the
feedback as helping the team during the reminder did not influence the amount of feedback
provided by participants in our study, it did result in more positive feelings about the robot
and the process of providing feedback. We hope that our findings encourage the HRI
community to incorporate verbal reminders for feedback into interactions where a robot is

learning from humans how to improve its behavior.
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Chapter 5

Interpreting Facial Expressions as Im-

plicit Signals

This chapter draws on a publication from the 2023 International Conference on Autonomous

Agents and Multiagent Systems [56]:

“Nonverbal Human Signals Can Help Autonomous Agents Infer Human
Preferences for Theiwr Behavior,” K. Candon, J. Chen, Y. Kim, Z. Hsu, N.
Tsoi, and M. Vazquez. In Proceedings of the 2023 International Conference

on Autonomous Agents and Multiagent Systems (AAMAS), 2023.

While the previous chapter demonstrated that soliciting extra explicit feedback is feasible,
we should explore other avenues. As described in Chapter [2] when humans collaborate
with one another, some learning happens implicitly. People observe others’ actions and
infer preferences, without formal teaching. We propose robots should similarly learn from

implicit signals alongside explicit feedback. Using this “leaked” feedback is another way
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(a) Experimental setup: Participants played an online, multi-player version  (b) Participants (purple spaceship) experienced two types of helping
of Space Invaders. Their faces were recorded while playing the game. behaviors by the co-player (orange spaceship) in the study.

Figure 5.1: We collected data from an online human-agent interaction to investigate the
usefulness of including human nonverbal signals into models for predicting which agent
behavior participants preferred. In our study, the participants were recorded while playing
the game with an autonomous agent via their webcams.

for robots to leverage the dynamic social context of human-robot interactions.

Despite the challenges when learning from implicit human feedback outlined in Chapter
[2l we hypothesize that nonverbal human signals can provide clues about how people want
computational agents to interact with them. To investigate this idea, we conducted an
online study in which participants interacted with an autonomous agent in a fast-paced
collaborative task. As shown in Figure[5.1] the participants played two games of a multi-
player video game with different agent behaviors. We did not prime participants for
cooperation (nor competition) in the game because we wanted to see how they would
naturally react to an agent that tried to help them in the game when this help was not
necessarily expected a priori. Also, we recorded participants via their webcams during

interactions to later analyze their nonverbal signals.

We present results from multiple analyses to understand how different sources of
information impact the prediction of user preferences for agent behaviors in the multi-
player game scenario. First, we study the possibility of predicting preferences based on
impressions of the interaction reported via surveys. These types of subjective impres-
sions are commonly gathered in user studies [213} 201} 26]] and survey data can help

understand key factors that influence preferences. Then, we investigate whether the in-
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clusion of nonverbal human signals improves preference predictions, per our hypothesis.
Finally, we investigate whether additional context information, like information about the
state of the game, further helps infer preferences over agent behaviors. To the best of
our knowledge, this is the first study to investigate the usefulness of nonverbal human
signals in predicting user preferences in a fast-paced and collaborative human-agent in-
teraction scenario. The anonymized data that we used for our analyses can be found in
https://github.com/yale-img/collabHAI pref to facilitate future replica-

tion efforts and more complex preference modeling.

Overall, our findings provide insights for creating real-time adaptable autonomous agent
behavior that leverages spontaneous nonverbal human reactions in the future. This could
potentially help reduce the need to query users often in order to understand which agent

behaviors work well in comparison to others.

5.1 Related Work

Unlike the previous corpus of work on learning from implicit human feedback described
in Chapter 2| we are not focused on specific emotion or event recognition. Rather, our
work investigates if nonverbal reactions provide insight into a user’s preferences for helping

behaviors by an autonomous agent.

Our motivation for studying nonverbal human reactions during human-agent interactions
stems from recent work on adapting agent behavior based on implicit feedback with
reinforcement learning [87,215]. Different to these prior efforts, though, we do not bias
humans’ internal goals or rewards in our study. Nor do we ask our participants to be

expressive in a particular manner during human-agent interactions [364} 215] because this
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can result in fatigue. Our goal is to instead understand if their natural reactions while
playing a collaborative game with an agent are useful for predicting user preferences for

agent behaviors.

Research has shown that agents can learn to adjust their behavior based on explicit user
preferences [280, 132, [133, 1173, 196]]. Querying users for preferences involves interaction
costs, so previous work has investigated how to ask for preferences in a way that minimizes
annoyance [1335]] and reduces the number of queries needed for adaptation [35} 354]]. To

complement this line of work, we investigate:

RQ1: Can natural, nonverbal human reactions be leveraged to better predict user
preferences for an agent’s helping behaviors compared to only using explicit survey

responses about game and agent attributes?

Because recent work in psychology suggests that context is key when interpreting nonverbal

human behavior [[168| [24], we also ask:

RQ2: Does the inclusion of additional context, beyond human nonverbal reactions,

help predict human preferences over agent behaviors?

Following Schilit and Theimer [290], we broadly consider context to be any element
providing information about the environment in which an agent is situated. Nonverbal
human reactions can be considered as context for an agent in our multi-player game.
Furthermore, the background and personality traits of users as well as task (or activity)
statistics are additional contextual factors relevant to the human-agent interactions studied

in this work.
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You are the purple ship, and you start with 4 lives. Use the left and right arrow keys to There will be an orange co-player in the game, automatically controlled by artificial

move, and press the spacebar to shoot. Your shooting speed is limited, so pressing the intelligence. The co-player gets points for enemies destroyed on the right half of the
spacebar may not always result in a bullet being shot— that's part of the game. You get screen.
points for enemies destroyed on the left half of the screen.

Enemies
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o e
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keys tomove ~— A b
left or right YOUR SPACESHIP. CO-PLAYER'S SPACESHIP.

(a) Introduction to the participant player (b) Introduction to the co-player (with Al identity)

YOUR SPACESHIP CO-PLAYER'S SPACESHIP

Figure 5.2: Participants were introduced to the game as shown above. The explanation
included explicit pointers to the scores and number of remaining lives for each player,
where the enemies would appear, and how to move the spaceship and shoot bullets.

5.2 Method

In order to investigate the research questions outlined in the prior Section, we collected data
through an exploratory online interaction. For the interaction, the participants completed
a web survey through which they interacted with an agent in a two-player version of
the Space Invaders game (Figure [5.1). The participant controlled one spaceship and the
other spaceship, referred to as the co-player, was algorithmically controlled using simple
heuristic behaviors. With their consent, we recorded participants during the games of Space
Invaders via their webcams. The online study that we conducted for this data collection
was approved by our local Institutional Review Board. We used the collected data to build
models that predicted which co-player behavior was preferred by the participants, which is
the focus of this chapter. For additional motivations, details, and results of the user study,

please refer to the work by Candon et al. [S3]].
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5.2.1 Data Collection

5.2.1.1 Participants

We recruited 360 participants for the study through Prolific [260]]. The recruitment criteria
required participants to be 18 years of age or older, be fluent in English, reside in the United

States, and have normal or corrected-to-normal vision.

Out of the 360 participants, 194 participants were included in the final dataset, and
166 participants were excluded. Participants were excluded if they asked to withdraw, if
their game logs indicated poor Internet connection, or if there was insufficient webcam
data captured during the game. More details about our participant exclusion criteria are in

Section A of the Supplementary Material.

Of the 194 final participants, 78% identified as female, 20% identified as male, 1%
identified as nonbinary, and 1% preferred not to say. The participants’ ages ranged from 18
to 66 years old, with an average age of 26.87 years (SD = 9.30). Participants indicated
using computers often: 93% of participants used a computer daily, 6% used a computer
4-6 times a week, and 1% used a computer 2-3 times a week. A little more than half of
the participants (53%) played video games once a week. When asked specifically about
Space Invaders, 45% of the participants reported that they had played the game before, 46%

reported they had not played it, and 8% were unsure.

5.2.1.2 Space Invaders Game

The Space Invaders game was introduced to participants as shown in Figure The

participant controlled a purple spaceship and the participant’s co-player was an orange
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spaceship. The participant’s spaceship started on the left side of the screen, and the co-
player’s spaceship started on the right side of the screen, but both could move left and
right within the full bounds of the game screen. Both spaceships could shoot upwards to
destroy enemies, and each was assigned points individually for enemies destroyed on the
side of the screen on which they originally started, regardless of whose bullet destroyed the
enemy. Both the participant and co-player started the game with four lives. A player lost
a life when hit by an enemy or a bullet from the enemies. Enemies moved left and right
across the screen and slowly downwards, closer to the spaceships, until they were hit by a
bullet or reached the bottom of the game screen. A game over screen appeared showing the
final scores once all enemies were destroyed, both players lost all their lives, or an enemy

reached the bottom of the game screen.

5.2.1.3 Co-player Behaviors

Because we were interested in predicting preferences between agent behaviors, we created
two different co-player behaviors: early-assistance and late-assistance. In our game, the
co-player could provide assistance to the participant by travelling to the participant’s side of
the game screen. Once on the participant’s side, the co-player could help destroy enemies
for which the co-player received points. We designed the two behaviors so they differed by
the timing of when the co-player travelled to the participant’s side of the screen to provide
assistance. In the early-assistance behavior, the co-player went over to the participant’s
side of the screen on two occasions during the game while there were still enemies on
the co-player’s side of the screen (Figure [5.1b, left). In the late-assistance behavior, the
co-player only when to the participant’s side of the screen after all of the enemies on the

co-player’s side were already destroyed (Figure [5.1b, right).
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5.2.1.4 Procedure

For the interaction, participants completed an online Qualtrics survey, which included two
games of Space Invaders. The participant first consented to participate in the study, to have
their video recorded, and to have their images and video clips shared publicly. The survey
then included a video check to ensure that their webcam was working and that their face
could be detected in the webcam images. The participants then completed a demographic
section of the survey, as discussed in Section [5.2.1.1] This section also included personality
data via the Revised Competitiveness Index [154] and the Ten Item Personality Measure
(TTPY) [128]]. The survey then introduced the Space Invaders game with a combination of
text explanations and visual instructions, as illustrated in Figure[5.2] We purposefully did
not prime participants for cooperation nor competition with the co-player. The participants
experienced two games of Space Invaders, each followed by a post-game survey about their
perceptions of the game and of the co-player. Each game involved a different co-player
behavior, as described in Section @} Participants were not informed of the order in
which they experienced the two behaviors, and the order of behaviors was counterbalanced
between participants. After playing two games of Space Invaders and answering both sets
of post-game questions, participants were asked a final set of questions about the differences
between the games and their preferences. Participants were presented with an optional
Berkeley Expressivity Questionnaire (BEQ) [134]. The study took about 18 minutes to

complete. Individuals were paid $3.60 for participating.

5.2.2 Preference Prediction Task

In this work, we study the problem of predicting which co-player behavior a participant

reported that they preferred at the end of their session. We consider this problem a multi-
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class classification problem because the final section of our survey asked the participants to
state whether they preferred the first co-player behavior, the second one, or did not prefer
one over the other. Based on which order the participant experienced the two behaviors, we

encoded the targets as either Farly, Late, or No Preference.

5.2.2.1 Inputs to Preference Classifiers

We considered different combinations of four types of input features for preference clas-
sifiers. These feature types corresponded to 1) features derived from post-game survey
responses, 2) nonverbal reaction data, 3) participant demographic data, and 4) game context.
These four types of data were selected for different reasons. First, survey data is commonly
used for understanding human preferences over agent behaviors (e.g., [339, 86, [100]).
Second, nonverbal reaction data corresponded to implicit feedback that we hoped could be
leveraged to better understand human preferences (per R()1). Third, we suspected individ-
ual human factors would affect preferences, so we included demographic data (per RQ)2).
Finally, because our interaction domain was dynamic, it was important to consider game
data to understand what the user and agent were doing and the state of the environment (per
R(@2). While it is rare to consider all four data types in conjunction, we believe that there

is value in systematically studying how they can all be used to predict user preferences.

For our analysis, we considered a variety of preference classifier models that differed
in terms of the features they received as input. First, we considered models that took as
input survey features only (Survey). These models were regarded as baselines because
survey responses are commonly used to understand human perceptions of an interaction
(e.g., [213} 201} 26]]). Second, we added nonverbal reaction data (Survey+Nonverbal).
Comparing Survey and Survey+Nonverbal allowed us to experimentally investigate whether

nonverbal data helped predict user preferences (R()1). Third, we considered models that
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also took as input demographics and game data, to incorporate additional context. This led
to three more sets of inputs: Survey+Nonverbal+Demo, Survey+Nonverbal+Game, and
Survey+Nonverbal+Demo/Game. These feature combinations allowed us to experimentally
investigate whether additional context further helped predict user preferences (R(Q)2). The

next sections provide more detail about each specific feature type.

Post-Game Survey Responses: Our first set of input data was encoded from survey
questions participants were asked after playing each game of Space Invaders. The questions
were about the game experience, the perception of the co-player, and whether or not the
participant thought they had helped the co-player. Game experience questions included
agreement with statements from Large et al. [199] about whether the game was enjoy-
able, difficult, boring, and fun. Co-player perception questions included agreement with
statements from Large et al. [199] about whether the co-player was helpful, proficient,
intelligent, and annoying. Co-player perception questions also included if the participant
liked the behavior of the co-player or if they thought anything about the behavior of the
co-player seemed unusual. In addition, the participants evaluated the level of competence,
warmth, and discomfort of the co-player using the 18 attributes from the Robotic Social
Attributes Scale (RoSAS) [60]. More details about survey questions are included in Section

B.1 of the Supplementary Material.

We considered both a Full set of survey features and a Selected set of survey features,
which we experimentally found to be most important for preference prediction. For the Full
set of survey features, we processed the raw data (e.g., via scaling and one-hot encoding) for
14 survey questions to arrive at 18 features encoding survey information for each game (as
detailed in Section B.1 of the Supplementary Material). We additionally explored reducing
the number of included survey features using the notion of Gini importance [44] from a

trained Random Forest model, as implemented by the scikit-learn Python Library [264]).
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In particular, we selected the six post-game survey features with importance greater than
0.05: liked behavior, competence, annoyingness, helpfulness, warmth, and discomfort.
Additionally, both sets of survey features included a feature encoding the order in which
the participant experienced the two games, as well as a one-hot encoding for which of three
co-player identities the participant experienced. We provided the survey data to a classifier
in two ways: passing features for both games by concatenating them (Concat), and passing
the difference between the value from the game with the early-assistance behavior and the

game with the late-assistance behavior (Diff).

Nonverbal Reactions: We analyzed human facial and body reactions captured while the
participants played Space Invaders. Our version of the Space Invaders game captured
images of a participant via the participant’s own webcam at a framerate of 15 frames per
second. We analyzed the images automatically using OpenFace 2.0 [21]], a open-source
toolkit for automatic behavior analysis. For each image, OpenFace 2.0 [21] extracted

information about head pose, eye gaze, facial landmarks, and facial action units.

We explored different ways to incorporate nonverbal reaction data. Table[S.1| describes

the features and the summary statistics that we used to arrive at 59 nonverbal reaction

Table 5.1: Description of Open Face 2.0 [21] attributes used and which summary statistics
(standard deviation (stdev), mean, and/or maximum value) from the capture frames were
included.

Attribute Description Summary Statistics

Gaze Averaged gaze direction for stdev
both eyes in left-right and up-
down directions

Translational Pose Location of head with respect stdev
to camera
Rotational Pose Pitch, yaw, roll for head stdev

Facial Action Unit Intensity Intensities (from O to 5) of 17 stdev, mean, maximum
action units
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features for each game. For this set of features, we considered four approaches to provide
them to a classifier: Full, Visit-Split, Visit-Diff, and Visit-Hadamard. In the Full case, we
concatenated the summary features for both games and input them into the model. In the
other cases, we computed summary features for when the co-player visited the participant’s
side of the screen (“‘co-player visit”), and when it was on its side (‘“no co-player Visit”)ﬂ In
the Visit-Split case, both subsets of summary statistics for both games were concatenated
and input to the model. In the Visit-Diff case, we computed the difference between the
“co-player visit” and “no co-player visit” statistics within each game, concatenated the
results, and then input them into to the model. Lastly, for Visit-Hadamard, we computed
the element-wise product between the “co-player visit” and “no co-player visit” statistics
within each game, concatenated the results, and passed the output to the classifier. Because
the Nonverbal feature sets were much larger than the other feature sets, we considered a
reduced set of nonverbal features derived by applying Principal Component Analysis (PCA)

with 5, 10, 20, and 40 principal components in addition to the full set of original features.

Demographics: We preprocessed raw self-reported demographics information from the
survey to arrive at 20 features describing the personality, age and gender of each participant
as well as how often this person played video games, used a computer, and whether they had
played Space Invaders before (as detailed in Section B.2 of the Supplementary Material).
Similar to the survey data, we considered a Selected set of five demographic features,
again with Gini importance from a trained RF model. The Selected set of demographic
features included: how often the participant played video games, competiveness index
[154], negative expressivity from BEQ [134]], and the extroversion and emotional stability

dimensions of TIPI [[128]].

"'We grouped data based on the location of the co-player because we suspected that participants would
react differently when it was on their side of the game screen. Also, in order to capture facial reactions as
the co-player was traveling to or back from the participant’s side, we included 100 frames before and after a
co-player visit when splitting the facial features into the “co-player visit” and “no co-player visit” sets.
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Game Context: To enable classifier models to reason about contextual factors related to
what occurred during Space Invaders, we included information from game logs. These
game logs contained information about the state of the game, participant actions, and
co-player actions for each rendered frame of Space Invaders. In particular, we extracted
and analyzed: number of times the co-player and the participant moved to opposite sides
of the game screen, the total number of frames in which the co-player and the participant
stayed on opposite sides of the game screen, the number of participant enemies destroyed
by the co-player, the number of co-player enemies destroyed by the participant, and the
participant and co-player’s final scores and number of lives remaining. We provided the
game data to a classifier in two ways: passing features for both games by concatenating

them (Concat), and passing the difference between features for the two games (Diff).

5.2.2.2 Models for Predicting Participant Preferences

We considered various popular Machine Learning (ML) algorithms from the scikit-learn
Python library [264]: Support Vector Machines (SVM), Random Forests (RF), K-Nearest
Neighbors (KNN), and Multi-Layer Perceptron (MLP). We selected these simple, well-
established classifiers because more complex models are likely to overfit on our small
dataset and also tend to be more opaque. For each classifier, we performed a gridsearch
over a range of suitable hyperparameters with survey data as inputs. We then used those
hyperparameters for all models trained on different permutations of input feature sets.
Details of the gridsearch procedure are presented in Section C of the Supplementary

Material.
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5.2.2.3 Evaluation of Preference Classifier Performance

We evaluated the classifiers using Fj-Score = 2(precision™ 4 recall ')~ because it
balances different kinds of prediction errors and is less biased by class imbalance [141]].
Precision= |TP|/(|TP| + |FP|) is the proportion of positive predictions that are true
positive targets, where | T'P| is the number of true positives and |F'P| is the number of false
positives. Recall= | TP|/(|TP| + | FN|) is the proportion of true positive targets that are
correctly identified, where | 7P| is the number of true positives and | F'N| is the number of
false negatives. We use the macro notion of Fi-Score. That is, we calculate the F}-Score

for each of the three target classes and take the average.

In order to make the most use of our limited number of samples, we evaluated models
using leave-one-out cross validation (LOOCV), rather than dividing the dataset into static
training and testing sets. For each participant, we trained a model on the data from the other
193 participants and made a single test prediction. We then calculated F3-Score from the
confusion matrix created from the 194 individual predictions (i.e., from the 194 folds of

LOOCYV).

5.3 Results

This section presents our evaluation of ML algorithms to predict which co-player behavior
the participants preferred. We first discuss three naive baselines for predicting preferences.
Then, we describe our analysis on whether or not nonverbal signals aid in modeling
co-player behavior preferences (R()1). Finally, we discuss results about incorporating
additional context into our models (R()2) and investigate feature importance values to gain

insights into what kind of information is being leveraged by our preference classifiers.
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5.3.1 Naive Baselines for Predicting Preferences

Of our 194 participants, 116 (60%) preferred the late-assistance co-player behavior, 50
(26%) preferred the early-assistance co-player behavior, and 28 (14%) did not prefer one
over the other. With this distribution, always selecting the most dominant class results
in an Fj-Score of 0.25. Randomly sampling from the three classes and running the
sampling N = 10 times results in an Fl-score of M = 0.29 (SD = 0.02). Weighted
sampling from the distribution of the true labels results in an F;-Score of M = 0.33

(STD = 0.03, N = 10).

5.3.2 Nonverbal Reactions Can Help Model Preferences

We first investigated whether nonverbal human reactions can help predict user preferences
for an agent’s helping behaviors compared to only using explicit survey responses (RQ1).
Table shows the highest F}-Scores for the ML algorithms that were trained on both
the Survey and Survey+Nonverbal input permutations described in Section [5.2.2.1] All
Fy-Scores are notably higher than the F3-Scores from naive baselines in Section [5.3.1]
For each of the SVM, RF, and MLP algorithms, the highest /-Score was from the set
of models that incorporated nonverbal information. For KNN, the Survey only inputs
resulted in a higher Fi-Score than Survey+Nonverbal inputs. However, KNN was the
lowest performing classifier among the ML algorithms considered in this work. We suspect
that the low performance of KNN is related to the algorithm’s known trouble with the
presence of outliers in training data [33] since nonverbal reactions can vary greatly. KNN’s
low performance could also be due to the increase in dimensionality of input features with

the addition of nonverbal data given our limited-sized dataset.
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5.3.3 Incorporating Additional Context

Driven by the question of whether additional context information can help predict human
preferences (R()2), we analyzed the performance of preference classifiers with additional
permutations of input data (Section [5.2.2.1). In particular, we considered demographic
information, game context, and the combination of the two as additional context that could
help reason about human perceptions of the agent. Figure [5.3|presents the highest £3-Score
within each of the five permutations of input data for each ML algorithm considered in
this analysis. Table 1 of the Supplementary Material includes information about the input

features that resulted in the highest F-Score for each type of classifier.

For each type of classifier, the highest F;-Score was from a set of models that included
nonverbal reaction data and at least one other kind of additional context. Across all classi-
fiers and all input permutations, SVM with Survey+Nonverbal+Game had the highest F7-
Score (0.60). For both RF and MLP, the set of models with Survey+Nonverbal+Demographics/Game
inputs had the highest Fi-Scores of 0.59 and 0.57, respectively. The highest F-Score for
KNN (0.54) was obtained with the Survey+Nonverbal+Demographics data. Once again,
KNN underperformed the other classifiers. Again, all F7-Scores are notably higher than the

F-Scores from naive baselines in Section[5.3.1]

Notably, including both kinds of additional contextual information did not always result
in the highest F;-Score (see results for SVM and KNN in Figure [5.3)). This means that
one cannot take for granted that including more features will result in higher performance.
Rather, it is important to further explore how to incorporate additional context when

reasoning about internal human states.

In addition to classifier performance, we were interested in understanding which features
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Table 5.2: Best F-Scores for each classifier for Survey and Survey+Nonverbal input
combinations. Fj-Score was calculated over a confusion matrix derived from individual
predictions of 194 folds of LOOCV.

Classifier Survey Survey+Nonverbal
Support Vector Machine  0.50 0.56
Random Forest 0.52 0.55
Multi-Layer Perceptron 0.51 0.54
K-Nearest Neighbors 0.50 0.47
Inputs
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Figure 5.3: Best F3-Scores for each input combination. Fj-Score was calculated over a
confusion matrix derived from individual predictions of 194 folds of LOOCYV. Dots on left
indicate which information was considered in the model. Machine learning algorithms
(SVM, RF, MLP, KNN) are ordered left-to-right in decreasing order of highest F'-Score.
The darkest bar highlights the highest F’-Score for each algorithm. Dotted lines separate in-
put combinations into: Survey only (original baseline), Survey + Nonverbal (new baseline),
Survey + Nonverbal + one type of additional interaction context, and Survey + Nonverbal +
both types of additional interaction context.

played a key role in predicting participant preferences for agent helping behaviors. First, we
considered doing this analysis with the SVM model because it had the top performance; but
it employed a radial basis function kernel, making it hard to disentangle feature importances.
Thus, we instead analyzed feature importance values with the RF algorithm. The RF models

had good performance. Also, the high-level of interpretability of the underlying decision

trees used for the preference predictions made it easy to understand what features mattered.

We compared the importance of features for a model considering Survey+Nonverbal
inputs and Survey+Nonverbal+Demo/Game inputs. Instead of using LOOCYV as for the
prior results, we trained one RF model for each input combination with the data from all

194 participants for this analysis. This resulted in two models for which we then calculated
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Gini feature importance values [44]. Gini importance indicates the total decrease in node
impurity, weighted by the probability of reaching that node in the tree, averaged over all
trees of the forest. Intuitively, this importance value can be thought of as a measure of a

features’ contribution to the homogeneity of the nodes and leaves in the forest.

Figure illustrates the feature importance across the four types of input features
considered by the RF with Survey+Nonverbal and Survey+Nonverbal+Demo/Game in-
put combinations. In both cases, survey features were the most important to classifiers.
Additionally, the results confirm our prior findings suggesting that the inclusion of addi-
tional context, via demographic and game information, contributes to improving classifier

performance.

To investigate individual features, we examined feature importance with the Sur-
vey+Nonverbal+Demo/Game model. The three most important features were from survey
responses: how much the participant liked the behavior of the agent (Ist: 0.16), how
annoying the participant found the agent (2nd: 0.15), and the competence of the agent (3rd:
0.08). The fourth (0.08) and fifth (0.05) most important features were principal components
from the PCA analysis of nonverbal features. These principal components were driven by
features describing AU45 (the “blink™ action unit) for the game with the late-assistance co-
player behavior as well as features describing AU2 (“outer brow raiser”), AU15 (“lip corner
depressor”), and AU20 (“lip stretcher”) in the game with the early-assistance co-player
behavior. The most important game feature was the number of frames the co-player was on
the left side of the game screen (7th: 0.04). The most important demographic feature was

how often the participant reported that they played video games (9th: 0.03).
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Figure 5.4: Feature importance by type of input feature.

5.4 Discussion

Our results support the idea that implicit feedback in the form of nonverbal behavior can
help model user preferences. We trained a variety of ML classifiers to predict co-player
behavior preferences and evaluated them based on Fi-Score. Across four different types
of ML algorithms, the three with the highest F}-Score all had better performance when
implicit nonverbal clues were included as inputs in addition to explicitly provided survey
responses. All four ML algorithms outperformed naive baselines based on the distribution
of true labels. Repeatedly asking participants for their preferences can be annoying or
cause participants to lose interest in the interaction [277], so it is encouraging that analyzing

nonverbal human signals can provide information about their preferences.

Figure [5.5] provides illustrative examples to highlight the value of implicit feedback,
and why including it might help us better understand participant preferences. Participant

P03547 preferred the late-assistive behavior, which they experienced after the early-assistive
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behavior. This participant was very expressive as can be seen in Figure[5.5(a) and [5.5(b).
They moved their eyebrows, changed the expression of their mouth, and opened their
eyes wide. A similar image highlighting implicit feedback provided by another, less
expressive participant is included in Section F of the Supplementary Material. Additional
examples are included in our supplementary video. We are excited about the potential
for computational agents to leverage this kind of information to better render prosocial

behavior and proactively cooperate with users in the future.

Additionally, our results suggest that considering additional context (participant and
game information in our case) is important to interpret nonverbal behavior. For all four ML
algorithms, the set of models with the highest F7-Score not only included nonverbal data,
but also included additional context via demographic data, game data, or both. This aligns
with research in psychology that contests the assumption that emotions are recognized and
communicated universally with particular facial expressions and argues for the importance

of considering the context of interactions [168), 24]].

At first it may appear obvious that more features would lead to better predictions, but
that is not necessarily the case. Jensen and Shen [172] argue against the notion that more
features in datasets translates to better performance due to feature redundancy and relevancy
[911[198]] as well as the curse of dimensionality [29]. Thus, it is important to carefully study
what information predictive models should include when an autonomous agent is reasoning

about how favorably a user is viewing their behavior.

Being able to predict user preferences over agent behaviors would open up doors for
agents to reason about which behaviors are “better” for a given user and, thus, incorporate
more of those behaviors into their interactions. Going forward, a better understanding
of implicit human signals could also help human-agent interactions in other ways, e.g.,

enabling agents to learn how and when to ask a human collaborator for help [279].
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(a) First game for P0354Z (carly-assistive behavior). (b) Second game for P0354Z (late-assistive behavior).

AU15

Figure 5.5: Visualization of data for participant P0354Z. Each plot shows game data (top)
and webcam data (bottom). Game data includes six game events: co-player destroys enemy
on the left side of the game screen (CL) or right side (CR), co-player dies (CD), participant
destroys enemy on the left side (PL) or right side (PL), and participant dies (PD). The orange
highlight identifies when the co-player is on the participants’ side (left side). Webcam
data includes predicted action units (AU) by OpenFace: AUO2 (outer brow raiser), AU0S5
(upper eyelid raiser), AU12 (lip corner puller), and AU15 (lip corner depressor). The x-axis
corresponds to frame number as the game progresses from start to finish. All participants
consented to having their images shared publicly.

5.5 Limitations and Future Work

Our work has limitations, which motivate interesting future research directions. First, our
analysis is bound to the domain of Space Invaders. It would be interesting to investigate
predicting preferences using human nonverbal reactions in other interactive scenarios,
including human-agent interactions that occur in person (e.g., with embodied virtual agents

or robots).

Second, future work could explore a richer utilization of implicit feedback. We found
encouraging results from simple ML models using summary statistics of nonverbal reaction

features over frames of a game, but stronger results may be discovered if we consider the
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temporal nature of implicit feedback with more powerful ML algorithms (such as recurrent

neural network models [[146]).

Lastly, while this line of work is exciting, we must be cognisant of the ethical implica-
tions of designing autonomous agents able to analyze our nonverbal behavior and make
inferences about our preferences. Going forward, it will be important to respect individual
privacy and ensure individuals interacting with such autonomous agents are aware of the
capabilities of the agents. Limitations on the social manipulation of autonomous agents

will also be critical as agents become better able to understand humans in interactions.

5.6 Conclusion

This work investigated the usefulness of natural nonverbal human signals to predict prefer-
ences between two agent behaviors. We collected data via an online interaction in which
participants played two games of Space Invaders with an autonomous co-player exhibiting
different behaviors. We built models to predict which of the two games was preferred
by the participant and analyzed results from different combinations of input data for the
models. Without biasing humans to be expressive, we found that we could leverage “free”

information that they provided via nonverbal reactions to improve our ability to predict

their preferences for agent behaviors.

Based on our findings, we propose two key recommendations for future interactive
agents. First, we recommend designing agents with the capability to reason about nonverbal
human reactions. This capability can improve the speed at which interactive agents adapt
to personal preferences because nonverbal signals are readily available during interactions.

Second, it is important to incorporate additional types of context, such as user personality
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or task statistics, into models that interpret nonverbal human signals. In our future work,
we plan to take advantage of these insights to design better cooperative agents that reason

about and adapt to the preferences of users with whom they interact.
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Chapter 6

Two Datasets for Analyzing Implicit and

Explicit Signals Together

The dataset and analyses of this chapter were presented as a short contribution at the 2024

ACM/IEEE International Conference on Human-Robot Interaction [58]]:

“REACT: Two Datasets for Analyzing Both Human Reactions and Fval-
uative Feedback to Robots Over Time,” K. Candon, N. Georgiou, H. Zhou,
S. Richardson, Q. Zhang, B. Scassellati and M. Vazquez. In Proceedings of

the 2024 ACM/IEEE International Conference on Human-Robot Interaction

(HRI), 2024.

In order to facilitate further research on how robots may interpret and integrate signals
from the social context of human-robot interactions, we contribute the Reactions and
EvaluAtive feedbaCk over Time (REACT) database. REACT consists of two datasets

that contain observations of humans, robots, and task-related data during human-robot
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Figure 6.1: Overview of REACT. In REACT-Nao, people played a collaborative video
game with a Nao robot (a). In REACT-Shutter, participants interacted with a Shutter
robot during a photography task (d). For both datasets, we captured images of participants
throughout the interaction (b,e) and provide facial analyses of the images (c,f).

interactions (as shown in [Figure 6.1)). The first dataset, REACT-Nao, consists of data from
interactions from a user study [57] in which humans played a video game with a Nao
robot while providing explicit feedback so that the Nao could learn to be a better teammate.
REACT-Nao includes approximately 864 minutes of data collected across 72 participants.
The second dataset, REACT-Shutter, consists of observations from interactions with a
tabletop social robot during a photography task. REACT-Shut ter includes approximately
160 minutes of data collected across 40 participants. Part of the latter data was used to
investigate different annotation methods of robot performance during interactions [369]. In
this work, we augmented this data with additional observations over the whole interaction
to provide a more complete dataset to study human implicit signals in HRI. Together, the
datasets provide a rich set of observations to analyze how human reactions are related

to explicitly provided robot feedback. The datasets and documentation are available at:

github.com/yale-img/react.

As a second contribution, we analyze the datasets to evaluate a common assumption in
how machine learning models are used to make predictions about users from their nonverbal
behavior in HRI. In particular, prior work often focuses on making predictions from short
horizons of observations (e.g., 369]). However, our analyses suggest that humans may
become less reactive to robots over time. Thus, in the future, it is important for data-driven

models to more explicitly account for interaction history in HRI. The data that we contribute
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Table 6.1: Comparison of related available datasets. “Interactive task” indicates whether
the human is actively interacting with the robot. “Additional task(s)” indicates if the
participant had additional tasks other than just providing feedback to the robot (e.g., playing
game in REACT-Nao). “Evaluative feedback™ refers to if the dataset includes explicit,
evaluative feedback about the robot from the participant throughout the interaction (either
live or through annotations). The “Context” columns describe what additional context is
provided in the dataset: Environment (e.g., location of enemies in REACT-Nao); Human
(e.g., whether human spaceship moved left or right in REACT-Nao); Robot / agent (e.g.,
actual text of robot utterances in REACT-Shutter).
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in this work opens up possibilities in this respect.

6.1 Related Work

6.1.1 Existing Datasets

There is a long history of open datasets with human nonverbal reactions (e.g., see [270]
for a survey on human facial expression recognition); however, such datasets are still
scarce within HRI. There exist some datasets of human nonverbal reactions to robots
[45,1247,1171,131,189,1306]]. Out of this set, the two publicly available datasets that are closest

to REACT involve participants watching robots commit errors during an interactive task
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[306]] and watching agents perform a task sub-optimally [89], as detailed in The
other datasets [45, 247, 171} 131]] provide great value to the field of HRI, but do not facilitate
research examining both nonverbal human reactions and explicit evaluative feedback during
a task in which both the human and robot play a key role. Our dataset includes both explicit,
evaluative feedback and implicit, nonverbal reactions from participants that were actively
interacting with a robot during a task. In comparison, the BAD Dataset [45] does not
involve humans that are actively interacting with or explicitly evaluating a robot, but rather
are reacting to videos that they observe online as bystanders. Similarly, the other datasets
[247, 171, 131]] do not include explicit feedback during the task. Rather, these datasets

support other specific research avenues (e.g., modeling user engagement).

6.1.2 Interaction History

In prior work, models that reason about human nonverbal reactions to robots typically
fail to account for a rich interaction history. It is a common approach to reason about
nonverbal cues at the individual snapshot level (e.g., [306]), especially when inferring
specific emotions or user states (e.g., [207]). Another approach is to examine changes in
expressivity over fixed windows (e.g., [215]). While some models incorporate recurrence,
they do not explicitly account for how human feedback may change over time (e.g., [369]).
Our analyses suggest that as human-robot interactions evolve over time, human nonverbal
signals may become more muted, requiring potentially different interpretations based on
the interaction history. Going forward, it will be important to investigate algorithms that
intelligently reason about feedback that is dependent on other factors, such as a longer
interaction history or modeling of internal human states. This type of approach has been
explored for reasoning about explicit human feedback, e.g., COACH learns from policy-

dependent feedback [226]].
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6.2 The REACT-Nao Dataset

The first dataset, REACT-Nao, contains observations throughout a collaborative game

between a Nao robot and humans, as presented in Chapter[z_q

6.2.1 Data Collection

First, participants consented to take part in the data collection, be video recorded and
have their data shared. Participants played six games of Space Invaders with a Nao robot
(Figure 6.Th). They were instructed to provide feedback to the robot via their keyboard
during the game so the robot could learn to be a better teammate. In the Space Invaders
game, the goal was to destroy all enemies as a team. Each player generally took care of
destroying enemies on one side of the game screen. However, the Nao employed different
gameplay strategies across games which varied by when the robot’s spaceship crossed over
to the human’s side of the gamescreen to help destroy enemies — we refer to these events as
“visits”. During games 1 and 2, the robot did not crossover to the human’s side to provide
assistance. During games 3 and 4, the robot crossed over to the human’s side for assistance
on three separate “visits”. During games 5 and 6, the robot only crossed over for one “visit”
at the end of the game, after it had destroyed all of the enemies on its own side. Participants

were not prompted to speak during the interactions, but experimenters noted that some

participants did speak at times.

Participants answered survey questions after each pair of games, and a final set of
survey questions. The interaction lasted approximately 35 minutes, and the participants
were compensated US$10. The protocol was reviewed by our Institutional Review Board

(IRB) and refined via pilots. For additional motivations and details of the user study, please
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refer to Chapter

6.2.2 Data Processing

The dataset consists of data collected for 72 participants during the six games of Space

Invaders that they each played.

Facial Features. To analyze the images captured during the interaction, we used OpenFace
2.0 [21], a open-source toolkit for automatic facial behavior analysis. OpenFace 2.0 [21]]
uses computer vision algorithms to analyze each image and extract features about head pose,
eye gaze, facial landmarks, and facial action units (AUs). Our data is organized in individual
CSV files per game and participant. Each CSV file has one row per frame that includes
a frame number and the output from running OpenFace on the image from that frame. A

detailed description of individual features is included in the dataset documentation.

For our analyses, we first smoothed individual OpenFace features with a Gaussian filter
(with a rolling window with a width of 30 data points and a Gaussian function with a
standard deviation of 10). We then segmented the frames into “visits” by when the robot’s
spaceship was on the participant’s side of the screen. We examined the mean of values of
OpenFace activation values during various “visits” across the games of Space Invaders to
see how participants reacted to a change in robot gameplay behavior. All post-processing

scripts are included in github.com/yale—img/react.

Other features. Our dataset includes additional information that provides context about
the interaction. For each game, we provide a json file that contains game state information,
robot game actions, and participant game actions (including explicitly provided feedback

via keyboard presses). We also provide a CSV that provides demographic information
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Figure 6.2: Mean of sum of AU values during robot visits in REACT-Nao. Error bars are
standard error. Letters (A,B,C) denote statistical significance. If visits do not share a letter,
there is a statistically significant difference between values.

for each participant. Additionally, the raw images of the participant during the games is

available at github.com/yale—-img/react.

6.2.3 Results

We first analyzed how the robot’s visits affected human nonverbal signals as the data
collection progressed. We used linear mixed models estimated with Restricted Maximum
Likelihood (REML). The Game Number-Visit combination (e.g., Game3-First, Game4-
Third, etc.) was a main effect and the participant ID was a random effect in the models. We

conducted post-hoc Tukey Honestly Significant Difference (HSD) tests when appropriate.

We first examined the sum of AU activation values, as a proxy for participant expressive-
ness, during the robot visits in the interactions. Our analysis showed a significant difference
by Game Number-Visit combination, F(7,7) = 16.54,p < 0.0001. The post-hoc test

revealed that the average of the sum of participant AU values during all three visits of both
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Game 3 and Game 4 were significantly higher than the robot’s single visits in Games 5 and
6. Additionally, the average of the sum of participant AU values during the first visit of
Game 3 was significantly higher than the third visit of Game 4. These differences between
earlier and later visits show that participants reacted differently to similar stimuli based on
when in the interaction they occurred. shows these results. A table of results is

included in/github.com/yvale-img/react.

6.3 The REACT-Shutter Dataset

REACT-Shutter contains data from interactions with a robot photographer [369]. A
subset of this data was previously published [369], but it only included observations
during specific robot actions. REACT-Shutter provides the complete interaction history,

enabling better analyses and modeling.

6.3.1 Data Collection

First, participants consented to take part in the data collection, be video recorded, and have
their data shared. Each participant then sat in front of a small robot while the robot took six
photographs of them (as in [Figure 6.1d). The robot, called Shutter, is a social robot with a
screen face mounted on a small arm [2, 211]]. Shutter took photos of the participants via a

camera mounted on its head.

Each photograph was preceded by a series of four robot actions. These actions consisted
of a mix of robot dialogue (telling jokes, telling the person to smile, and telling the person
to relax) and changes to the robot’s pose. The physical pose actions included aiming the

robot’s face directly at the participant, orienting its face away from the participant, or
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moving to one of four fixed poses. Actions were selected via weighted sampling, and an

action could not be selected twice in a row — additional action details are included in the

dataset documentation. Similar to|subsection 6.2.1} participants were not prompted to speak

during the interactions.

Throughout the data collection, participants annotated robot actions based on their im-
pressions of the robot’s performance and answered survey questions. The whole interaction
lasted between 45 minutes and one hour, and participants were compensated US$20. The
protocol was approved by the local IRB. For more details about the data collection, please

refer to Zhang et al. [369].

6.3.2 Data Processing

The dataset consists of data collected for 40 participants, each of which completed six

photography tasks.

Facial Features. The facial features were computed as in [subsection 6.2.2] but the data is

organized into CSVs by photography task.

For our analyses, we first smoothed individual OpenFace features with a Gaussian

window function, using the same approach as insubsection 6.2.2] Additionally, we seg-

mented the frames into action segments, splitting up the interaction based on when a
new action began. We looked at the mean, median, maximum, and standard deviation of
values of OpenFace features in each action segment. Post-processing scripts included in

github.com/yale—-img/react.

Other features. Our dataset includes additional information that provides context about

the interaction. For each photography task, we include a CSV that provides the timestamps
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Figure 6.3: Median of sum of AU values over the photography interaction. Error bars are
standard error. Trend line is a linear regression model with a 95% confidence interval.

and details of robot actions throughout the task (e.g., specific utterance for a “joke” action).
Additionally, we provide a summary CSV that provides additional information for each
participant, including demographic information, the order of tasks, and the self-annotations.

A full description of the features is available in the dataset documentation.

6.3.3 Results

We first explored how the expressiveness of participants changed over time as the interaction
progressed. Considering all participants, we examined a variety of statistics (mean, median,
max, standard deviation) over the sum of action unit activation values during the 24 actions
that proceeded the individual photos in order. For example, see for the median

values over each action segment.

For each statistic calculated over the sum of AU activation values during action segments,
we employed a linear regression model to predict the statistic considering action number
as the independent variable. Table A of the dataset documentation displays the results
computed with the scipy.stats Python library [295]]. Across all four summary statistics,

there was a statistically significant negative slope, suggesting that participants became less
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expressive to robot actions over time. However, the slopes were just slightly negative, and
the Pearson correlation coefficients were low suggesting that the model may not adequately
capture the underlying relationships within the data. This is to be expected since expressivity

likely depends on many other factors and warrants further study.

We fit another set of linear regression models, but this time considered whether the
actions occurred first, second, third, or fourth in a mini-series before a photo as the
independent variable. For these models, the slopes were positive for mean, median, and
maximum values of the sum of action unit values over action segments (Table B of the
dataset documentation). Taken with the previous results, this suggests that within a short
photography task, participants got more expressive, but over time gradually became less

expressive.

6.4 Discussion

The REACT database has the potential to influence HRI work by facilitating research
that examines automated reasoning about human reactions. This could enable a deeper
understanding of the dynamics of human-robot interactions, which is essential for designing
more effective robots. As we work towards enabling robots to help with physical and social
tasks in human environments, it will be important to consider how novelty effects diminish
and people change their responses to robots during interactions. Failing to account for
changes in user expressivity could cause robots to fail to adjust their behavior to muted

reactions later on in interactions.

As with all human subject data, there are ethical considerations [158]] for the use of the

REACT database. Responsible use guidelines include ensuring that the data is not used for
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purposes that would negatively manipulate or impact people.

Our database facilitates exciting research directions but it is not without limitations.
The datasets showcase interactions for two different tasks, allowing users to explore model
generalizability; however, it is unclear how analyses or models specific to these two tasks
would translate to other interaction scenarios. Also, there are other forms of implicit
communicative signals, such as the tone of verbal communications, that are not included in

the datasets.

6.5 Conclusion

We contributed two datasets that can facilitate studying how robots can improve their be-
havior based on naturalistic human reactions. Additionally, we found preliminary evidence
highlighting the importance of considering the interaction history when interpreting human
reactions in HRI. We hope that the REACT database and initial findings encourage the HRI
community to further explore how robots can learn from implicit human feedback over

time.
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Chapter 7

Combining Implicit Signals Via Physical

Actions with Explicit Feedback

The approach discussed in this chapter was presented at the 2026 ACM/IEEE International

Conference on Human-Robot Interaction [59]:

“Learning Human Preferences Over a Human-Robot Collaboration Based
on Fxplicit and Implicit Human Feedback,” K. Candon, Q. Zhang, A. Lew,
H. Claure, L. Qian, A. Quarles, C. Sarkar, and M. Vazquez. In Proceedings of

the 2026 ACM/IEEE International Conference on Human-Robot Interaction

(HRI), 2026.

The culmination of this dissertation is a method for learning from various channels of
the dynamic social context of a human-robot interaction during the collaboration. We
contribute an approach for Preference learning from Implicit and Explicit feedback

(PIE) in collaborative human-robot interactions with fixed roles. The key novelty of our
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The robot did something good,
so I could give explicit feedback
via the green button, but I'm

busy adding sauce to the pizza...

- A

- The human is adding sauce
to the pizza, let me reason
about that as implicit feedback

Figure 7.1: We study the problem of learning human preferences over human-robot col-
laborations. We propose to leverage human actions as implicit feedback that can help the
robot learn preferences over the collaboration, alongside traditional explicit feedback. We
evaluate this idea in a laboratory, where participants assemble pizzas with a robot and can
give explicit feedback by pressing buttons.

work lies in framing human preferences over the human-robot collaboration that a person
experiences, instead of over the robot’s behavior only, as is typical in prior interactive
robot learning work. We formalize the human preferences as a shared set of parameters
encoding alignment between the human’s behavior and the desired robot’s behavior. Then,
by modeling human actions in a task as being (approximately) optimal with respect to
the human’s preferences, we show how a robot can treat the human’s behavior as implicit
feedback during the collaboration, effectively “listening” to what the human’s actions reveal
about the human’s underlying preferences. Finally, we combine this implicit feedback
with more traditional explicit human feedback to enable a robot to quickly estimate human
preferences during an ongoing collaboration. We evaluate our proposed approach in
simulations and with real users in a cooking collaboration, a popular setup for studying
collaboration (e.g., see 43]]). Our simulation results confirm that combining

multiple modalities of human feedback improves a robot’s ability to estimate human

preferences, with a similar trend observed in real-world evaluations.
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In summary, this chapter has three main contributions. First, we propose a novel
formulation for preference learning over human-robot collaborations, which leverages
both implicit and explicit human feedback. Second, we systematically investigate the
effectiveness of our approach for preference learning (PIE) in simulations and in the real-
world. Our experiments consider varying cooking tasks, assumptions about the rationality
of human behavior, and different preferences. Lastly, we open-source our implementation

to facilitate future replication and benchmarking efforts

7.1 Related Work

Our work is inspired by this body of research exploring subtle human signals, as introduced
in Chapter 2] but takes a distinct approach by treating the human’s task-oriented actions as a
rich source of implicit feedback. Our work leverages the INQUIRE framework [113]], which
frames human feedback in terms of inferences about accepted and rejected robot behavior.
However, instead of investigating interactions where a human serves as a dedicated teacher,
whose only task is to teach a robot, we investigate collaborations where the human teacher

also takes task-relevant actions.

7.2 Problem Setup: Learning Preferences Over a Human-Robot

Collaboration

We consider collaborative interactions in which a human /A and a robot 12 work together

to complete a physical task and where each has a specific role in the collaboration. For

'https://github.com/yale-img/pie_preflearning.
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example, in our pizza-making scenario of Figure the robot may pass ingredients to the
human from a storage area, and the human may use the ingredients to assemble a desired

pizza.

At a time-step ¢, the human and robot observe a given state s and take simultaneous high-
level actions ay € Ay and ap € Ag. We model these high-level actions as parameterized
actions. For example, two high-level actions for the robot may be pick (<ingredient>,

<location>) and place (<ingredient>, <location>) in Figure[7.I]

Collaborations are characterized by teammates trying to maximize a shared reward [25,
312, [18]]. It is typical for the reward to be based on task success only [25] 69] or human
preferences that encapsulate the desired task outcome [222, 113} 228]. However, in many
interactions, it can be helpful to explicitly model both the task goal and human preferences,
e.g., because not taking action toward the task goal is worse than violating preferences [243],
or the task goal is public information while the human preferences are not [372]. We assume
that both situations are true in our work, so, building off Cooperative Inverse Reinforcement

Learning [[138]], we propose to define the shared reward as a combined reward:

R(s,agr,ag) = Rgoal(s, ag,ag) + fprref(s, aR,apy) (7.1)

where 7y is a domain-specific parameter that controls the relative importance of the two
rewards. This reward formulation is similar to Zhao et al. [372]] preference learning setup,
but we assume that human preferences are over the human-robot collaboration (not just
the human’s contribution to the task) and the robot must follow these preferences (rather
than having its own individual reward). Our framing enables the robot to leverage observed

human actions as implicit feedback for preference learning.
Goal Reward: Motivated by the fixed-role assignments, we propose to decompose the goal
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reward in eq. (7.1) into two components, one for the robot and one for the human:

Rgoal(s7 apr, GH) = Rioal(sv CLR) + Ri)al(S; CLH) (72)

Preference Reward: We assume that the preference reward, RP*f in eq. (7.1), does not
conflict with R8°?!. In addition, we assume that the human preferences for the team members
are aligned with each other, such that the preference reward can also be decomposed into

two terms parameterized by the same weights w:

RP™ (s, ag,ay) = R%ref(s, ar) + R%ref(s, arg)
=Ww'¢gr(s,ar) + Wou(s,an)

= WT(¢R(Sa a’R) + ¢H(S7 aH)) (73)

We implement the preference reward as a linear function of features of the state (encoded
via ¢ and ¢ ) to keep the reward interpretable in this work. While this setup is common
in the preference learning literature (e.g., [[174,[113]]), future work could investigate ways
to relax this assumption (e.g., via more complex reward models implemented as neural

networks [[75,[161]]).

Taken together, the above assumptions mean that if the robot and human act rationally,

they maximize their individual rewards:
Ri(s,ar) = R&™(s,ar) + YRY(s, ar) (7.4)

Ry(s,an) = R (s, an) + vRY(s, ap) (7.5)

The Robot’s Learning Objective: In this work, we assume that the robot knows the goal
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reward and the features of the state that may matter for the human preferences over the
collaboration (¢ and ¢y in eq. ); however, the robot does not know the weights w that
parameterize the preference reward functions R> and Rgef. Thus, the goal of the robot
is to estimate the weights w based on human feedback gathered during the human-robot

collaboration.

7.3 Preference Learning from Implicit and Explicit Feedback

(PIE)

We propose that robots estimate a human’s preferences for their collaboration per eq.
based on both ezplicit feedback provided by the human about the robot’s behavior as well
as tmplicit feedback provided by the human’s own actions in the task. In our work, explicit
feedback corresponds to binary evaluative feedback and, in our real-world evaluation, is
implemented via physical button presses (e.g., similar to [276]]). The main assumption for

the implicit feedback is that human actions are driven by the reward in eq. (7.5).

Algorithm [I{describes PIE, our proposed approach for preference learning, considering
a given interaction step in a collaboration. First, the robot observes the current state of the
world, takes action according to some policy mg, and sees how the human behaves (lines
1-3 in Alg.[I)). Every action that the human takes is then interpreted as implicit feedback for
preference learning and the implications of the human’s behavior are stored in a feedback
set (lines 4-6). Each element in this set includes a pair of accepted behavior (f1) and
rejected behavior (f ) along with their associated state. When the human chooses to give
explicit feedback, the implications of this feedback are also stored in the feedback set (lines

11-14). Finally, a non-parametric belief over preferences W, implemented via M weight
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Algorithm 1: Learning from Explicit & Implicit Feedback (PIE)

10
11

12
13

14

15
16
17

Input: Prior belief over pref. weights W = {w’}}  and prior feedback set F
with pairs of acceptable (/1) and rejected (f~) behaviors in prior states
Output: Updated belief W, and updated feedback set F

// Interact with the environment
Observe current state s;

Robot takes action ar < mg(s), where ag € Ag;
Observe current human action ay € Ay

// Store implicit human feedback

;ﬁ,e—ag; /+ Observed ag aligns with pref. «/

Simp < An(s) \ {an};
F < FU{(firps fimps S) )5

imp’
// Store explicit feedback on button press
if human indicates acceptable robot behavior then

é;)é—aR; /+ Robot action ar aligns with pref. «/
Jeap < Ar(s) \ {ar};
else if human indicates unacceptable robot behavior then
;mé—.AR(S)\{aR}; /% Other robot actions are better
aligned with pref. than ap */
Jexp € QRS
F — FU{(f&p ferp:8)}3

// Update non-parametric belief over preference weights
foreach w' € W do
// MLE via gradient ascent, starting from prior w
w' < optimize w tomaximize likelihood(F,w");
end
return W, F;
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samples, is computed using the feedback set (lines 15-17). PIE builds on the INQUIRE

formalism [113]] for combining various types of feedback during interactive robot learning.

One key difference between INQUIRE [113]] and our approach, PIE, is that we consider
implicit human feedback, not just explicit feedback. This results in different implications
for preference learning. For explicit feedback directed intentionally from the human to the
robot, the implications of the feedback are set in relation to the robot’s behavior. However,
for the implicit feedback, we instead define the implications in relation to human behavior
because this feedback is a direct consequence of the human’s own actions. Next, we
describe in more detail how we interpret the feedback for preference learning and estimate

the preference belief.

7.3.1 Implication of Explicit Human Feedback

We specifically consider explicit feedback in the form of binary feedback. When a robot
takes a high-level action ap in a state s (line 2 in Alg. [I)), the human may choose to
indicate whether the behavior is acceptable or not. If the human indicates that the robot
behavior is acceptable (lines 7-9 in Alg. [I)), the robot’s action is added to the accepted
behavior set f;, = {ar}, and all other viable robot actions in the state are added to the
rejected behavior set f_, = Ag(s) \ {ar}. However, if the human indicates unacceptable
robot behavior (lines 10-12 in Alg. [I)), the implication is the opposite. In this case, the
accepted behavior set includes viable robot actions in the state that the robot did not take
(f&, = Ar(s) \ {ar}), and the rejected behavior set includes only the action that was

taken by the robot (f.. = {agr}).

Ip:

Our formulation for the implication of binary feedback follows INQUIRE [113]], with

the exception that we do not study active preference learning in this work, so the robot does
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not pose questions to the human for which feedback is received in return. Rather, the human
may choose to give or not give explicit feedback at any point during the collaboration.
Because explicit feedback is potentially sparse and prior findings show that people may
reduce the amount of feedback that they give to a robot during collaborations [S7], we

propose to also consider implicit feedback.

7.3.2 Implication of Implicit Human Feedback

A key novelty of our work is framing the human’s actions as a source for implicit feedback
about the human preferences over the collaboration. These preferences are encoded in the
weight vector w shared by RY(-) and R2/(-), per eq. (7.3). If during the collaboration,
the human takes actions that are approximately optimal with respect to the human’s reward
Ry () in eq. (7.5), then the human’s behavior will leak information about w through
RC)

Formally, we assume that the human takes action on a given state s following a Boltz-

mann rational policy:

P(agls) o< exp(Bu R (s, am)) (7.6)

where [ controls how rational the human’s actions are. This model of human behavior is
common in economics [299]], psychology [20], and preference learning [174]. Importantly,
eq. results in myopic high-level decision-making because the human is said to take
actions based on the reward of the current state. We find that this myopic assumption is
reasonable for preference learning over high-level actions that span multiple time-steps
during the collaboration and when the human’s reward is not sparse. However, for sparse

rewards, this formulation would need to be adapted to a Boltzmann policy based on expected
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future rewards (e.g., via Q-values [27]]). We discuss this future work in Section

Equipped with a model of human actions per eq. (7.6), we can formulate feedback
based on these actions for preference learning. At a given state s, we consider the set
of valid actions of the human, A (s), as the set of possible choices that the human has
for implicit feedback in that state. Hence, when the human takes action ay € Ag(s)

at a given point in the collaboration, the implication of that choice is that that action is

+
imp

accepted behavior ( = {ag}) and that other viable human actions are rejected behavior

(fimp = A(s) \ {an}). The implication of implicit feedback from human actions is outlined

in lines 4-6 of Algorithm ]

By reframing human actions as implicit feedback with the implication described pre-
viously, a robot can gain information about the preference weights w potentially all
throughout a collaboration, without having to continuously query the human for feedback.
Mathematically, the implication that we propose for implicit human feedback is equivalent
to the implication for human demonstrations of robot behavior used in INQUIRE [113]].

However, our implication defines sets of accepted and rejected human behavior, rather than

sets of robot behavior, so the implications are conceptually different.

7.3.3 Estimating Belief Over Preference Weights

Whenever the robot receives human feedback, it stores the implications of the feedback
(f, f.) in a cumulative feedback set F, where m is the modality (explicit or implicit)
of the feedback, alongside the current state s of the interaction when the feedback was
received (see lines 6 and 13 in Algorithm [I). In PIE, the modality m of the feedback is
critical because it dictates the perspective from which the robot should reason about the

implications of the feedback.
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The robot’s objective consists of estimating the preference weights that maximize

the likelihood of the accepted behavior implied by the feedback in F. Specifically, the

likelihood is:
B (s,a
cwy = I PUw) = ] et B< ) o
(fxﬁ,frg,S)eF (f$;f;,S)EF Za€f$uf; m(sy a)
where:
agent’i:eward
A oal
Bm(s’ a) = eﬂm (Rggent<s> a) + '}/WT¢agent(S, a)) (7_8)

is the exponential component of the Boltzmann rationality model. The agent subscript in
eq. denotes the interactant associated with the modality m: when m is explicit, the
agent is the robot ?; when m is implicit, the agent is the human H. Thus, the agent’s reward
in eq. || is implemented per eq. or eq. |i respectively. Finally, the parameter Bm
in eq. models the robot’s assumptions about how rational the human is at providing

explicit or implicit feedback (depending on m) as a function of the agent’s reward.

The goal of preference learning can then be expressed as: w* = arg max,, £(w). We
solve this Maximum Likelihood Estimation (MLE) problem using a belief distribution for
the preference weights, which is implemented via a sample set W = {w;}2,, as indicated
in lines 14-16 of Algorithm[I] Specifically, we use gradient ascent on the log-likelihood
LL(w) = log L(w) to find suitable preference weights. When the update takes place,

gradient ascent is applied on each weight w; € W using the gradient:
Za€f$ Bm7¢agent (S, a)Bm (S, a)
ZaEf,}t Bm(S, a)

Zaef;qufn: Bm’ﬂbagent(& a)Bm(s, a))
2acfiufy Pm(s,a)

VLL(w)= )

(fih fin 8)EF

(7.9

The belief W is randomly initialized when learning begins but, in subsequent time-steps,
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we start gradient ascent using the belief estimated from the prior time-step. Reusing prior
estimates of W is essential for gradient ascent to converge quickly because the feedback

set F' grows over time, making the objective more complex.

7.4 Evaluation in Simulation

We first evaluate our proposed approach for learning human preferences over a human-
robot collaboration in simulation. We focus the evaluation on understanding the impact
of the feedback modalities and key parameters of PIE. In particular, we consider different
values for Bimp and Bemp in eq. . These parameters are used to find the weights w that
maximize the likelihood of the accepted behavior implied by the human’s feedback (see
eq. ). For implicit feedback, Bl-mp indicates how rational the robot considers the human
to be when choosing its own actions during the collaboration. For explicit feedback, Bexp
indicates how rational the robot considers the human to be at deciding whether the robot’s

behavior is acceptable or not. More specifically, our research questions are:

(RQ1) How does the type of feedback considered by the robot affect preference learn-
ing? A motivating hypothesis for this work is that combining explicit and implicit feedback
will facilitate learning preferences over the collaboration. Thus, we compare three experi-
mental conditions: 1) explicit-only feedback; 2) implicit-only feedback; and 3) combined

feedback, where the robot learns from both explicit and implicit feedback with PIE.

We know that people can deviate from optimal decision making in varied ways [73,204],
so RQI considers different levels of rationality for the human’s actions in the collaboration
(By in eq. (7.6)). Also, because RQI is focused on the effect of different feedback

modalities, we assumed that the robot knows the level of rationality of the human’s actions,
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SO Bimp = [p. Lastly, we set Bew = Bl-mp for simplicity, as prior work often considers a

single rationality coefficient /3 for integrating various types of feedback [113].

(RQ2) How does the correctness of the robot’s assumptions about the rationality of
the human’s feedback affect preference learning? Our second experiment evaluates the
performance of our PIE approach when we introduce the complication that the robot does
not know how rational the human truly is. We systematically study in simulation how
preference learning performance with PIE is affected by the alignment, or misalignment,
between [y and Bimp. Specifically, we consider the actions taken by the human to be
more (g = 10) or less rational (8y = 1). Then, we consider two situations per [p:
the assumptions on the human’s rationality are aligned with the simulated human (e.g.,
Bimp = [y = 1), or they are misaligned (e.g., Bimp = 1 but Sy = 10). Also, the robot
reasons about human button presses in two ways. It assumes that the human’s explicit

feedback is more rational with Bmp = 10, or less rational with Bexp =1.

7.4.1 The Pizza-Making Task

We consider collaborations where the human and robot prepare pizzas together. The robot
passes ingredients to the human, while the human is responsible for more complicated
manipulation tasks involving assembling the pizza. This results in different action spaces
for the human and the robot. The robot’s high level actions include: pick (broccoli,
storage) orplace (broccoli, workstation), whereas the human’s high level
actions include add (pepperoni) or return (pepperoni) . Both the robot and the
human know the goal of the task, which is defined by the ingredients that comprise a given
pizza. For example, they may work towards making a pizza with sauce, cheese, pepperont,

mushrooms, and olives. However, the robot does not know the true human preferences w*
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for how the team should reach the goal. Thus, the robot selects actions during a collaboration
according to only the goal reward: 7z(ag|s) = P(ag|s) o exp(8rRE™ (s, ar)), where g

controls how rational the robot’s actions are. We set Sz = 1 in our experiments.

We consider two types of preferences. First, the human can have ordering preferences
for the ingredients, e.g., cheese should be placed on the pizza before the sauce. We
considered a total of six ordering preferences, each of which is a feature in the preference
weight vector w. Second, the human can have workspace preferences over the number
of ingredients that can be on the shared workspace at any given time, including one
ingredient maximum, two ingredients maximum, or up to four ingredients. We describe
these workspace preferences via two features in w. Thus, the preference weight vector has

a total of eight dimensions.

We set the components of the shared reward (eq. (7.1)) as follows. The goal reward is
most positive when a topping that should be on the pizza is moved from the storage to the
workstation or added to the pizza. The preference reward is defined as in eq. (7.3). The
appendix includes a more detailed description of the reward, state, action, and preference

space of the pizza-making task.

7.4.2 Simulating the Human in the Collaboration

Following common practice for evaluations in the preference learning literature 174,113,
we model human behavior in our simulations with a Boltzmann rationality model. We
assume that the human tends to take rational actions per eq. (7.6). When a new time-
step of the collaboration occurs in simulation, the simulated human always gives explicit
feedback — in Section we demonstrate PIE with real human feedback, which can vary

in frequency over time [S7].

122



p=0.1 p=1 p=10

W

L, error
-
=

o
n

e
=}

—_
S

Conflict percentage
=)
wn

I
=)

0 100 200 300 0 100 200 300 0 100 200 300
Interaction step Interaction step Interaction step

implicit-only explicit-only combined (PIE)

Figure 7.2: Results for RQ1: L, error with respect to the ground truth preference weights
(top) and conflict percentage (bottom) as the interaction progresses. Lines represent average
L, error and conflict percentage, and shading represents std. error across 100 interactions.
Columns show results considering different 5 values, where Sy = Bimp = Bezp = [ for
B8 €{0.1,1,10}.

Prior work in interactive learning shows that binary human feedback tends to be "noise-
reducing” in comparison to other types of explicit feedback [365]; thus, we simulated
explicit feedback as rational feedback for studying RQ1 and RQ2. The simulated human
decides which binary feedback signal to provide based on how well the robot performs
relative to the best possible reward. To compute the best possible reward, we leverage
the fact that the simulated human knows the reward of the robot Rpg, as in eq. ,
because they know the goal reward and the true preference weights w*. Then, when the
robot takes action ay at a given time-step with a state s, the simulated human compares
the actual reward induced by the robot’s action, Rg(s,ag), with the highest possible
reward max;, Rg(s,ar) the robot could receive at state s, over all possible actions ap. If
Rpr(s,ar) == max,,, Rr(s,ar), then the human gives positive binary feedback, indicating

acceptable robot behavior. Otherwise, the simulated human gives negative feedback.
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7.4.3 Evaluation Setup

We evaluate learning via two metrics:

L, error: As is common in preference learning, we evaluated learning in terms of the Lo
error with respect to the ground truth preference weights w* as the interaction progresses.

At each timestep, we compute |[w* — > . w; /M|, with w; samples from the belief W.

Conflict percentage: At each time step, we use the average weight estimate w =
> Wi/M, with w; € W, to define a greedy robot policy 7,(s) = arg maxRpg(s, ar; W).
We then simulate a full interaction with a target pizza where the robot takes actions
according to the greedy policy, and calculate the percentage of robot actions that deviate
from the true optimal robot actions, based on w*. This metric allows us to quantify the
practical effect of learning the preferences: a wrong estimate for the true weight w* may
result in similar behavior to w*, or small deviations from w* could change the robot’s

behavior in an undesired way.

7.4.4 Results

7.4.4.1 (RQ1) Type of Feedback

Figure [/.2) shows the results for 100 simulated human-robot interactions, each of which
consisted of 10 pizzas and where the simulated human had a specific ground truth preference
that was randomly sampled. We evaluated learning using different values of (3, representing
different (ir)rationality levels for the actions the simulated human took (8 in eq. (7.6)) and

for the robot’s assumptions when reasoning about explicit and implicit human feedback

(Bez’p and Bz’mp iIl eq' )
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We conducted a statistical analysis of the final Lo error in Figure after the 10 pizzas.
Specifically, we used a linear mixed model analysis, estimated with REstricted Maximum
Likelihood (REML), to evaluate the L, error. The model considered Interaction ID (100
levels) as random effect, Feedback Modality (Ezplicit, Implicit, or Combined with (PIE))
and Rationality (5 € {0.1,1, 10}) as main effects, and the interaction effect of the latter

two variables.

Feedback Modality had a significant effect on the L, error (p < 0.0001). As we
hypothesized, a Tukey HSD post-hoc test indicated that learning preferences with Com-
bined feedback (using PIE) led to significantly lower error than using a single feedback
modality only. At the end of learning, the L, error for Combined feedback was M = 0.15
(SE = 0.007), for Ezplicit feedback was M = 0.25 (SE = 0.01), and for Implicit

feedback was M = 0.24 (SE = 0.007).

The analysis also indicated a significant effect of the Rationality parameter () on the
Ly error (p < 0.0001). A Tukey HSD post-hoc test indicated that 5 = 0.1 (M = 0.33,
SE = 0.008) led to significantly higher L, error than = 1 (M = 0.15, SE = 0.006)
and 8 = 10 (M = 0.16, SE = 0.007). As discussed later for RQ2, this finding can
be due to an important mismatch between how the robot modeled the rationality of the
human’s explicit feedback when 5 = 0.1 (which implied Bezp = 0.1 for RQ1) and the
perfectly-rational approach used by the simulated human to provide explicit feedback (as

explained in Sec.[7.4.2)).

Finally, we also found the Feedback Modality x Rationality interaction to have a
significant effect on the L, error at the end of the interactions (p < 0.0001). Significant
pairwise differences from a Tukey HSD post-hoc test are shown in Fig. Notably, using
B = 0.1 and Explicit feedback only led to the highest error (M = 0.44; SE = 0.01) of

all combinations of Modality and Rationality. Meanwhile, the Combined feedback led to
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Figure 7.3: Results for RQ1: L error at the end of the interactions based on Feedback
Modality and Rationality (8 = Sy = ﬁimp = Bexp) . Error bars are std. error. Bars labeled
with different letters (A-F) have significantly different error based on a Tukey HSD post-hoc
test. See the text for more details.
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Figure 7.4: Results for RQ2: Average L, error as the robot learns with PIE. The two lines in
the plots indicate whether the robot’s assumption about the rationality of the human’s action
(@mp) match the oracle’s behavior (Sy): solid lines correspond to Bzmp B, dashed
lines correspond to an erroneous assumption ﬁzmp # Bg. In the top row, when Bl-mp # By,
Bimp = 10. In the bottom row, when Bl-mp #* Bu, Bimp = 1. Shaded areas (visible when
zoomed in) are the std. error in 100 interactions.

significantly smaller error with 5 =1 (M = 0.08; SE = 0.004) and 5 = 10 (M = 0.09;

SE = 0.006) compared to all other combinations.

7.4.4.2 (RQ2) Assumptions for 3;,, and (..,

Figure shows the L, error for PIE over 100 interactions, where each interaction
consisted of 10 pizzas. The dashed lines show preference learning performance when there
is a mismatch between how rational the human is at taking actions () and how the robot

modeled this rationality (Bimp); while the solid lines indicate performance when the robot’s
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assumption was correct and Bimp = [y. In most cases, the dashed line leads to higher error,

especially when Sz = 1. The results in Fig. seemed less susceptible to the choice of

Beap € {1,10}.

We conducted a linear mixed model analysis on the L, error at the end of the interactions,
considering Interaction ID as random effect. The main effects were Bimp Alignment (which
had a value of 1 when Bimp = By, and O otherwise), and Bexp Alignment (which had
a value of 1 when Bexp = 10 and was 0 otherwise, because 10 better approximated the
purely-rational feedback from the simulated human than Bexp = 1). The analysis also

considered the interaction effect between ﬁimp Alignment and Bel,p Alignment.

The analysis indicated that Bimp Alignment had a significant effect on the L, error at the
end of the interactions (p < 0.0001). As expected, a post-hoc t-test showed that Bimp = Bu
led to significantly lower error than the misaligned Bimp. Similarly, Bexp Alignment had a
significant effect on the L, error (p < 0.0001). The post-hoc test indicated that Bexp =10
(more aligned) led to lower error than Bezp = 1 (less aligned), although the difference was

small (M = 0.10; SE = 0.003 vs. M = 0.12; SE = 0.003).

Finally, the interaction effect between Bl-mp Alignment and Bexp Alignment was signif-
icant (p = 0.036). A Tukey HSD post-hoc test indicated that the error was significantly
higher when Bimp and Bexp were both misaligned. Also, when Bimp was misaligned but Bexp
was not, the error was significantly higher than when Bimp was aligned (whether Bexp =1

Or fegp = 10).

Overall, these results reinforce findings for 5 with RQ1, and are consistent with prior

work showing that having incorrect assumptions about rationality harms performance [66].
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7.5 Real-World Evaluation

Having validated our approach in simulation, we conducted a real-world evaluation with 21
people. Each person collaborated on the pizza-making task with a robot, as illustrated in
Fig. while the robot tried to estimate their preferences for the collaboration. Through

the real-world demonstration, we investigated:

(RQ3) How well can the robot learn preferences over collaborations in real-world
human-robot interactions? The main challenge in this setup is learning from realistic
human feedback, which may be noisy and sparse in more complicated ways than modeled

in Section

7.5.1 Experimental Protocol

The real-world evaluation was approved by our local Institutional Review Board. An
experimental session typically lasted 45 min. Participants were compensated US$15 and

collaborated with the robot in the same pizza-making task from Sec.[7.4.1]

Experimental Setup. As shown in Fig. the participants interacted with a robot
system comprising two robots: a Franka Emika Panda arm, and a table-top robot called
Shutter [326]]. The Panda executed pick and place actions planned within the Movelt
Task Constructor framework [127]. During interactions, Shutter engaged with participants
through its gaze and speech. Following Candon et al. [57], Shutter occasionally reminded
participants to give explicit feedback. The reminders were framed as helping the robot
to improve as a teammate (e.g., "Remember that you can give me feedback so we can
collaborate better in the future”), and were only issued before the robot picked an object.

High-level, multimodal robot behavior was controlled with behavior trees[81].
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The table served as the collaborative workspace with defined storage and hand-off areas
for the pizza ingredients. Each pizza ingredient was stored in a clear plastic container
that could be grasped by the Panda hand. The table included two illuminated buttons that

participants could press to give explicit feedback.

Procedure. The participants consented to participate in the interaction and to be audio-
and video-recorded. The experimenter explained the goal of the interaction, introduced the
robot, and started a tutorial. During the tutorial, the robot explained roles, the workstation,
and how the person could provide explicit feedback. The participant then constructed a
simple, practice pizza with a basic preference to see how preferences influenced the pizza-
making interaction. The experimenter finally explained the set of preferences to choose
from, had the participant select a preference, and went through hypothetical scenarios to
ensure the participant understood their preferences. Each participant then worked with the

robot to construct three different pizzas.

Participants. We recruited 21 participants via flyers, online postings, and word of mouth.
They were required to be at least 18 years of age, be fluent in English, and have normal or
corrected-to-normal hearing and vision. Sixteen of the evaluation participants (76%) were

undergraduate or graduate students.

Evaluation. We conducted offline preference learning on the data collected from the 21
participants. We evaluated learning via L, error and conflict percentage, as in Sec. [7.4.3]
For each participant, we first fit Bimp and Bexp using the data from the practice pizza, as
an individual calibration step. We then used the fitted values for the three pizzas in the

participant’s interaction.

130



1.50 1.00
1.25 &
| £0.751
< 1.001 )
o 2
5 0.75 £.0.50
S g
0.501 =
E 025
0.251 3
000, 20 40 60 % 20 40 60
Interaction step Interaction step
implicit-only explicit-only combined (PIE)

Figure 7.5: L, error with respect to the ground truth preference weights (left) and conflict
percentage (right) as the interaction progresses. Lines represent average Lo error and
conflict percentage, and shading represents the standard error across the 21 participants in
the real-world evaluation.

7.5.2 Results

Figure[/.5|shows results from 21 participants each making three pizzas with the robot. We
analyzed the final L, error with a linear mixed model that considered Participant ID as
random effect and Feedback Modality (Ezplicit, Implicit, or Combined with PIE) as main
effect. We found a trend for Feedback Modality having an effect on the L, error: F'(2,40) =
2.77,p = 0.07. Examination of the model parameter estimates revealed that the Explicit
condition was the only modality significantly different from the Grand Mean (Estimate
=0.083,¢(40) = 2.16,p = 0.037, 95% CI [0.005, 0.161]), indicating significantly higher
error than the overall average. Final L, errors were: Implicit (M = 0.911, SE = 0.062),
Explicit (M = 1.005, SE = 0.070), and Combined feedback with PIE (M = 0.849,
SE = 0.055). The conflict percentage results were similar, with M = 0.333 (SE = 0.067)
for Implicit feedback, M = 0.466 (SE = 0.067) for Fxplicit feedback, and M = 0.364

(SE = 0.058) for Combined feedback.
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7.6 Discussion

Our PIE approach outperforms single-modality baselines, achieving lower L, error and
fewer conflicts in simulation. Even small reductions in conflict can meaningfully improve
both task performance and human perception of the robot. Real-world results show a
similar trend: leveraging multiple, naturally occurring feedback signals enhances a robot’s
ability to infer human preferences, highlighting the value of richer feedback in human-
robot collaboration. However, as the omnibus test did not reach conventional statistical
significance and no post hoc comparisons were conducted to directly compare condition
means, these findings should be interpreted with caution. We see our modest findings as
an opportunity for future work, as they highlight the importance of incorporating accurate
assumptions when reasoning about feedback. Future work could explore jointly learning
preference weights and individualized betas [[120] for assumptions about how rationally the

human is providing feedback (3., in eq. (7.8)) or addressing modality-specific effects on

gradient updates in eq. (7.9).

We opted for a myopic objective so that we could reason about human feedback in
relation to high-level actions with dense rewards. This limits applicability in sparse-reward
settings, where reasoning over longer horizons would be beneficial. This direction would
require reasoning about the gradients of value functions, as suggested in [[174] for preference

learning from multiple feedback.

Our work is also limited by implementation choices and assumptions made by PIE. For
example, we only considered binary evaluative feedback via button presses and human task
actions. Future efforts could integrate other feedback signals (e.g., corrections or language
[1774]). Also, future work could explore relaxing the assumption that the robot knows which

features matter to humans, and instead aim to learn them [39].

132



By learning from naturally occurring, multimodal feedback, PIE moves toward more
seamless, adaptive human-robot interactions, reducing the teaching burden on humans and

fostering intuitive, productive collaboration.
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Chapter 8

Conclusion

This dissertation advocates for a re-conceptualization of social context, moving it from a
background variable to an active mechanism for robot learning. A distinguishing character-
istic of robot learning in human-robot collaborations, as compared to traditional machine
learning, is the dynamic social context. In a collaboration, the robot is not limited to
learning from a fixed dataset. Rather, the robot can take an active role in interpreting and
shaping the social context of the interaction. This approach facilitates the extraction of
informative signals that may otherwise be ignored. By leveraging this feedback, a robot

can adapt its behavior to the preferences of its collaborator in real-time.

We presented a novel definition of the social context of a human-robot interaction. We
advance the field by demonstrating how a robot can use the social context to better learn

during collaborators with non-expert users.

8.1 Contributions

The main contributions of this dissertation are as follows:
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- Formalization of the Social Context of a Human-Robot Interaction. After
surveying related literature in the field of HRI, we propose a novel definition of the
“social context of a human-robot interaction” in Chapter [3] We provide a formal
taxonomy and discuss how robot designers can use this tool before, during, and after

interactions to facilitate better robot behavior.

- Evidence of Robots Influencing People to Provide Feedback. In Chapter 4] we
studied the effects of framing and timing of reminders when a robot is asking a human
to provide more feedback. To our knowledge, this was the first study to demonstrate
that robots can influence both the feedback provided by their collaborators and their

collaborators’ feelings about providing feedback.

- Real World Examples of Robots Learning from Implicit Feedback Alongside
Explicit Feedback in Human-Robot Collaborations. We contributed two studies
in which we demonstrated that robots can learn from implicit signals during collab-
orations without adding any additional burden to the user. First, we built models
that could predict human preferences between agent behaviors considering nonverbal
communicative signals via features derived from facial reactions, eye gaze, and head
position (Chapter[5). Second, we show that a robot can learn human preferences from

human task actions over a different action space than the robot’s actions (Chapter|/).

- Dataset for the Analysis of Human Explicit and Implicit Feedback Together.
To facilitate further research on combining implicit and explicit human feedback, we
developed the REACTdatabase (Chapter [6). This database contains more than 1,000
minutes of data on users’ natural reactions to and feedback provided to robots during

a collaborative game and a photography scenario.

- Method for Combining Implicit and Explicit Feedback Together for Human

Preference Learning. We propose Preference learning from Implicit and Explicit
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feedback (PIE), a method for combining implicit and explicit human feedback to
learn human preferences (Chapter [7). Our simulation results show that a robot can
learn faster from both types of feedback together, without requiring anything extra of

the user. Real world results show a similar trend, but further research is necessary.

8.2 Open Questions and Opportunities for Future Research

The work presented in this dissertation takes a step towards robots that are better able to
learn during collaborations with non-expert users. In pursuit of this goal, there are many

opportunities to advance this line of research.

8.2.1 Deeper Understanding of When Humans Choose to Give Feed-

back to Robots

While one of the motivating factors of this dissertation is that humans are hard to simulate,
attempting to simulate a real person is inevitable in a robot learning dissertation. Trying to
simulate when a person provides feedback highlighted this gap in current understanding.
Many existing works facilitate simulating humans providing feedback. For example, there
are ways to incorporate assumptions about how often a teacher makes a mistake or skips
a query [204]. However, these works are typically in settings where the human is only
teaching or it is a turn-taking task (i.e., there are clear “timesteps” when the human should

be providing feedback).

In real-world collaborations, it is unrealistic for the default assumption to be that
humans are constantly providing feedback during continuous tasks. A conceptual model to

understand how and when a person chooses to provide explicit feedback could facilitate
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better robot learning. In particular, it should be investigated how human expectations
about the robot’s policy influence when they decide to provide feedback and what kind of

feedback [225]].

8.2.2 Evaluation of Feedback Quality

In a similar vein, it is not trivial to evaluate the quality of provided feedback. While Chapter
H] demonstrates that robots can influence the frequency and latency of human feedback,
the wutility or correctness of that feedback remains an open question. In a continuous
collaboration, the lack of discrete “queries” makes it difficult to objectively measure the
quality of provided feedback. Future work could explore a standardized definition of
“feedback quality”. Frameworks grounded in information theory and cognitive science

could help address this gap.

8.2.3 Broader Signals of Implicit Human Feedback

This dissertation explores facial reactions, eye gaze, head pose, and physical task actions
as implicit signals from which a robot could learn. It would be fruitful to explore other
modalities of implicit feedback. For example, gestures and proxemics could be rich signals

for implicit human feedback.

Additionally, facial reactions, eye gaze, and head pose were only explored at the level of
summary statistics in Chapter [5] A more nuanced view, especially considering the temporal

nature of implicit feedback, could result in much stronger learning signals.
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8.2.4 Verbal Feedback

With the success and prevalence of LLMs, we would be remiss to not encourage researchers
to explore how to incorporate verbal feedback into the methods presented herein. It is a
rich source of both explicit and implicit feedback. It is not clear how to segment verbal
feedback into explicit versus implicit feedback categories. For example, a person could say
“good job” and mean it, or they could say it sarcastically, requiring interpretation to realize
this is actually negative feedback. Properties of verbal feedback such as prosody, volume,

and speed are all part of the social context of the interaction.

8.2.5 Differentiated Interpretation of Different Types of Feedback

In the proposed PIE method (Chapter[7), implicit and explicit human feedback had impli-
catures, but the feedback instances were all treated the same. There is an opportunity to
explore how to incorporate confidence in different feedback signals into the robot’s reason-
ing process. Related questions include how should a robot handle conflicting feedback, and

can consistent instances of feedback reinforce each other.

8.2.6 Other Ways to Solicit Feedback

Chapter ] validated that robots can influence their collaborators through targeted reminders
to provide feedback. There is a rich opportunity for future work to explore other ways
a robot can influence a person to provide more feedback. Can a social robot use eye
gaze and proxies for attention (e.g., pointing) to solicit feedback in times of uncertainty?
Would thanking a person for providing feedback lead to a person providing more feedback?

Research has explored how transparency might influence robot learning — how can this be
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viewed through the lens of social context.

8.2.7 Robot Learning During Group Human-Robot Collaborations

A critical extension of leveraging the social context in robot learning is moving from dyadic
settings to multi-human group interactions. Robots have been shown to influence group
dynamics in human-human interactions (e.g., [[122, 332,197, 296]]). However, the interplay

between multi-person explicit and implicit human feedback remains largely unexplored.

In multi-human group interactions, it is reasonable to expect that there could be instances
of conflicting feedback. Consider a scenario where the robot hands Alice a pizza topping
and Alice smiles. Bob then presses the “bad job” button, after which Alice looks saddened.
How can a robot resolve these conflicting signals? Can a robot learn from signals between

Alice and Bob?

8.2.8 Summary

In sum, this dissertation advances the field of HRI by highlighting the dynamic social
context of human-robot interactions as a rich tool to faciliate better robot learning during

collaborations from non-expert users.
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