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Robots are increasingly becoming a part of human environments, where they have
the potential to assist people in their daily lives in an abundance of ways. However,
when robots interact within these settings, they are bound to fail at some point. A
robot may fail due to a wide variety of reasons, whether it be due to an uncertainty
in the robot’s sensor reading, an inaccuracy in the robot’s world model, or due to
the unpredictability of human behavior in the robot’s workspace. To design robots
that can appropriately interact within environments filled with people, it is critical
to understand how people perceive and respond to robots when they fail.

This dissertation investigates people’s perceptions and responses to robot failures
in human-robot interaction contexts along three different dimensions: functional, so-
cial, and moral. To examine failures within these dimensions, we conduct a range
of controlled, human-subjects experiments that begin with simple, task-based fail-
ures and that progressively move towards failures that have more social and moral
implications.

In our first human-subjects experiment, we investigate how people provide feed-
back to a variety of task-based robot failures in a card-selection task. We find sig-

nificant variation in how people evaluate the robot’s performance and show that this



variance can influence how effectively the robot performs the task when trained with
different feedback strategies.

Building on these findings, we conduct a pair of studies with children aged four to
seven years and with adults, in order to investigate how user characteristics influence
variability in people’s responses to robot failures. We find that users’ age, as well as
a robot’s social responses following its own failures (i.e., providing incorrect advice),
affects how people trust the failing robot.

Finally, we extend our investigation to a much more severe robot failure with
inherent moral implications, in which a robot intentionally commits physical harm
(i.e., pushing down a human). In this final experiment, we showcase the importance
of prior expectations when people evaluate harmful behavior, as the ways in which the
robot’s capabilities were framed before witnessing the failure significantly influenced
people’s moral judgments of the robot after the failure.

Overall, this dissertation contributes to our knowledge of how people respond to
robot failures and can help inform the design of robots that interact with regular

people.
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“Failure is not the opposite of success; it’s part of success.” — Ariana Huffington
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Chapter 1

Introduction

Robots are becoming a larger presence in human environments, where they are bound
to interact with people. Interaction may be a primary function of a robot’s role, like
when a tutoring robot conducts lessons with students or when an industrial robot
collaborates with co-workers. Alternatively, an interaction may occur simply because
a robot’s role requires it to be co-located with people, such as when a household robot
performs tasks in the same space as users. Ideally, robots that interact with people
will seamlessly integrate into our environments and complete the tasks that we need
of them without any difficulty. But, since human environments are unstructured,
dynamic, and filled with people that are unpredictable and diverse, human-robot
interactions are bound to not go as planned all of the time.

This dissertation revolves around the moments when robots behave in ways that
they should not during human-robot interactions (HRI). When a robot behavior is
not ideal, and it does not satisfy task objectives or rules, meet user expectations, or
follow design specifications, we will refer to such a behavior as a failure. When robots
interact in human environments, failure is inevitable at some point, whether it be
due to an imprecise sensor reading, an inaccurate world model, or an unpredictable

user. Failures can take many forms and they can vary widely, as they can range



from a small functional mistake such as a robot selecting a suboptimal action when
performing a task to a much more serious event, like a robot causing physical harm.

When robots fail, they can have a significant impact on users, since they have
the potential to not only influence how people perceive a robot, but also how people
behave towards a robot. For example, a robot’s failures can lead to an erosion of
trust from its users, along with a lower willingness to re-engage with the robot in
the future. For these reasons, it is critical to understand how different HRI contexts
affect regular people’s perceptions and responses to robot failures. By doing so, these
insights can better inform the design of robots that can appropriately interact with
people [104].

However, this problem is particularly challenging. A robot’s failures may have
varying implications depending on the context surrounding the failure. Furthermore,
people have different expectations, beliefs, and backgrounds which affect the ways
that they view robots and evaluate their actions. We still do not have a complete
understanding of how different failure contexts influence people perceptions and re-
sponses to robot failures.

The work in this dissertation investigates novel failure scenarios in human-robot
interactions. We take a multifaceted approach in our research methodologies in order
to gain knowledge into how people perceive and respond to robot failures. We examine
a range of failures that may occur when robots are placed into human environments,
study how contextual factors surrounding robot failures shape people’s perceptions
and responses, and offer insights to inform the development of robots that interact
with regular people.

This dissertation begins with a review of relevant literature involving robot failures
in human-robot interaction in Chapter 2. The chapter begins with a brief overview
of how other researchers have defined and categorized failures in HRI. The chapter

continues with an overview of the different types of failures that may occur during



HRI and introduces a multidimensional framework for how humans perceive robot
failures in HRI. The chapter also discusses how the context surrounding robot failure
(i.e., nature of the failure, robot behavior following failure, robot characteristics, user
characteristics) influences people’s perceptions and responses.

In Chapters 3-5, we present human-subjects experiments designed to broaden our
understanding of how different types of robot failures affect people’s perceptions and
responses. A key component of these experiments involves intentionally manipulat-
ing a robot’s behavior to fail in particular ways, allowing us to study its effects on
human perceptions and responses in human-robot interactions. As such, in each ex-
periment, we carefully select the type of failure(s) and the context surrounding the
failure that the robot commits. In each chapter, we primarily focus on broadening our
understanding of the effects of robot failures within one of three different dimensions:
functional, social, and moral. Our experiments begin by investigating the effects of
simple, task-based robot failures in the functional dimension and progressively move
towards failures that have more social and moral implications.

First, in Chapter 3, we examine a setting in which a human evaluates a robot’s
performance as it commits a range of task-based, functional failures. To do this,
we conduct an in-person study (N = 36) in which people evaluate a robot on a
scale of 1-10 each time the robot succeeds or fails at a card-selection task. We find
that successful robot actions (i.e., selecting the correct set of cards) lead to similar
feedback across participants, but that robot failures lead to much more variation in
people’s responses. Interestingly, all participants in our experiment provide some
form of partial credit to the robot after it fails, but participants differ in how they
attribute this partial credit. After collecting each person’s evaluative feedback, we
use simulations to investigate how the robot would perform if it was trained with each
participant’s extrapolated feedback strategy (i.e., a linear regression fit to what they

value when providing partial-credit). Using each feedback strategy, we train a sepa-



rate multi-layer perceptron (MLP) to predict a proxy reward label for every possible
robot action in a given state. We find that some participants’ feedback strategies pro-
duce labels that inform the model to select actions that achieve significantly higher
task performance than other feedback strategies. In summary, people value different
factors when providing partial credit after a robot fails, and robots that learn directly
from human feedback should be equipped to deal with this phenomenon, as a failure
to account for this can lead to ineffective task performance.

Next, in Chapter 4, we investigate the social implications of robot failure, by
examining how user characteristics (i.e., age) influence people’s trust in a robot that
fails. To do this, we conduct a pair of 2x3 between-subjects studies: one with school-
aged children between the ages of 4 and 7 years old (N=168) and one with adults
(N=168). In these studies, participants play a collaborative word-guessing game
with a partner, in which the participants’ goal is to select the correct names for
unknown objects, and the partner sometimes gives wrong advice on certain objects.
We manipulate the type of partner (human vs. robot) and the type of response
by the partner following wrong advice (mistaken vs. apologetic vs. uncooperative).
We find that older children, between the ages of 6 and 7, are less trusting of their
partner after it errs than adults and than younger children, between the ages of 4 and
5. Additionally, older children maintain their trust in a robot that apologizes for a
longer time period than they do in a human that apologizes. We find that people’s age
and their partner’s failure responses can significantly affect peoples’ trust throughout
an interaction. In turn, extra consideration must be taken when designing robots
that interact with children, as they may perceive or react to failing robots differently,
based on their age.

Finally, in Chapter 5, we explore a setting in which a robot commits a physical,
moral transgression against a human (in a video of a robot pushing down a human).

Although it is not pleasant to think about, a robot behavior leading to some form



of physical harm to a person is entirely possible when robots operate in the same
environments that people do. Since prior work suggests that people can view robots
as morally accountable, we investigate what factors affect people’s moral judgments
towards a robot that did something morally wrong. To do this, we perform a 2x4
between-subjects, online study in which participants (V. = 720) first read a backstory
about an agent and then watch the agent commit a physical transgression (i.e., push-
ing down a human). We manipulate the type of transgressor (either human or robot)
and the kind of backstory that is told about the transgressor, whether it is a simple,
default introduction, or stories about the transgressor’s physio-emotional capabilities
(e.g., feeling pain or hunger), socio-emotional capabilities (e.g., feeling love or shame)
or cognitive capabilities (e.g., thinking or reasoning). We find that participants be-
lieve that both the human and the robot intend to push down the human, but that
the human transgressor is perceived to have higher morality than the robot. The
type of backstory about the transgressor also significantly affects perceived morality.
Interestingly, we find that robots with more emotional backstories, such as those that
highlighted physio-emotional or socio-emotional capabilities, are perceived to have
higher moral status than other robots, across measures such as desire, moral knowl-
edge, and emotional knowledge. In summary, designers should be cognizant of how
a robot is described to and perceived by users, as this can significantly affect how
people view a robot’s morality after it does something morally wrong.

Chapter 6 provides a discussion of the work presented throughout the dissertation,
including the contributions of our work, as well as limitations and directions for future

work. In this chapter, we also offer conclusions for this dissertation.



Chapter 2

Robot Failures in Human-Robot

Interactions

This chapter provides an overview of robot failures in human-robot interactions (HRI).
We define robot failures in human-robot interactions and discuss how researchers
have previously classified robot failures in HRI. We then introduce a multidimensional
framework with three dimensions related to how people perceive and respond to robot
failures: functional, social, and moral. Last, we discuss how the context surrounding
robot failures can influence people’s perceptions and responses across these three

dimensions.

2.1 What 1s a Robot Failure in HRI?

As robots are increasingly deployed in human environments, robot failures during
human-robot interactions are inevitable. But what does it mean for a robot failure

to occur in HRI?



2.1.1 Definition

We define a robot failure as any robot behavior that deviates from ideal or expected
performance, according to a set of objective task-related rules or ground truth, the
expectations or desires of users, or the design put forth by developers.! Our definition
is inspired by Brooks’ 2016 dissertation on a human-centric approach to autonomous
robot failures [38] and by Honig and Oron-Gilad’s 2018 literature review on under-
standing and resolving failures in human-robot interaction [104|, which defined failure
as “a degraded state of ability which causes the behavior or service performed by the
system to deviate from the ideal, normal, or correct functionality”. In this disser-
tation, any robot failure that is perceived and evaluated by a human, such that it
affects the human’s cognitive or behavioral responses towards the robot, is a part of
a human-robot interaction.

Under our definition, a robot behavior can be classified as a failure in both objec-
tive and subjective terms. In objective cases, successful or optimal robot behavior is
defined by a ground truth, set of rules, or design principles. When a robot behaves
sub-optimally or violates these rules or principles, the behavior can be considered a
failure. However, even when a robot performs a task optimally according to objective
metrics, it may still be perceived as a failure depending on how end users view and

respond to the robot’s behavior.

2.1.2 Prior Robot Failure Classifications

Traditionally, robot failures were studied through a robot-centric perspective, focused
on how they affected the robot’s ability, or inability, to perform tasks effectively
and efficiently. Robots typically had very specific roles that could help automate

monotonous or dangerous tasks, such as production robots in automotive plants [244|

!Note that some work uses the terms error, mistake, or fault with our definition. For the sake of
this dissertation, all of these terms fall under the broader term of failure.



or unmanned ground vehicles (UGVs) in search and rescue or military operations [43].
Therefore, failure classifications were functional in nature, focused on robot behaviors
that degraded task performance. These classifications helped designers and operators
understand common task-related failures and guided improvements to make robots
more reliable and efficient in the future.

In 2005, Carlson et al. [43] introduced a robot failure classification that categorized
failures in unmanned ground vehicles (UGVs), or autonomous and teleoperated land
robots. They organized failures into two main categories based on cause: the physical
category defined by robot component deficiencies and the human category defined by
design faults or teleoperator errors. Carlson et al. also categorized failures by their
repairability, defined by how easily the robot could be repaired following a failure,
and by their impact, defined by the extent to which the robot’s capability to perform
its task was degraded. In these contexts, the consequences of robot failures were
considered exclusively from a robot-centric, functional perspective, focusing on the
robot’s operational performance and its capacity to continue completing tasks.

Inspired by that work, in 2012, Steinbauer et al. [245] published a survey about
common sources of robot failures that occurred during RoboCup, an international
annual robotics and artificial intelligence research competition that involves the de-
velopment of autonomous, humanoid robot soccer teams. The survey provided re-
searchers with a better understanding of why state-of-the-art robots were failing when
operating autonomously in dynamic, complex environments. Similarly to Carlson’s
2005 survey, Steinbauer et al. classified robot failures by cause, into the categories
of hardware (e.g., sensors, manipulators), software (e.g., perception, decision mak-
ing), interaction (e.g., environment, other robots), and algorithms (e.g., behavior
execution, localization). Again, failures were approached from a robot-centric and
functional perspective, focusing on the underlying causes of failures that degraded

robot’s task performance.



In their 2015 systematic analysis of video data (N=201 videos) from five different
HRI user studies, Giuliani et al. [91] adopted a more human-centered perspective on
robot failure analysis in several ways. First, their analysis focused on user studies
involving interactions between robots and non-expert users. Second, they examined
the potential social consequences of robot failures, by including social norm violations
as one of their robot failure categories (defined as situations in which the robot did
not adhere to the underlying social script of the interaction, typically occurring at
planning time), in addition to a technical failures category (described as technical
shortcomings of the robot that mainly emerged at execution time). Third, they
measured the effects of robot failures on users by identifying social signals (e.g., head
and body movements, speech, hand gestures) that people exhibited in response to
failures. Giuliani et al.’s analysis demonstrated a clear shift in perspective, showing
that robot failures can take on social meaning and elicit distinct user responses, as
opposed to prior surveys that primarily emphasized the impact of robot failures on
the robot’s task-related performance metrics.

This human-centered perspective is further emphasized in Honig and Oron-Gilad’s
2018 review (N=52 papers) on understanding and resolving failures in HRI [104]. In
their survey, Honig and Oron-Gilad argued that focusing on untrained, non-expert
users is essential for robot failure analysis in HRI, as robots are progressively utilized
in everyday human settings. In particular, they stressed the importance of inves-
tigating the cognitive factors that shape how users perceive and respond to robot
failures. Thus, along with Giuliani et al.’s analysis, these works marked a transition
from primarily robot-centric failure analysis towards approaches that accounted for
users’ perceptions and responses.

Recent failure classifications in HRI increasingly adopt a human-centered ap-
proach, explicitly considering how failures affect users and their perceptions. In 2020,

Tolmeijer et al. [260| classified robot failures based on whether they were caused by



the robot’s design, a system level issue, a behavior misaligned with the user’s ex-
pectations, or the user behaving inappropriately. Their primary goal was to identify
failures that could erode user trust and to offer mitigation strategies that the robot
could use to recover that trust. Similarly, in 2024, Cameron et al. [41] analyzed
domestic robot failures by their causes and outcomes, focusing on how failures influ-
enced users’ perceptions of the robot’s trustworthiness. In both cases, the emphasis
on trust highlights the importance of understanding the social consequences of robot
failures for end users.

Finally, a 2021 taxonomy by Tian and Oviatt [259| fully embraced a human-
centric approach to robot failure classification by categorizing failures solely based on
how they influence users’ perceptions and responses. They defined two main cate-
gories: performance errors, which degrade a user’s perception of a robot’s capability
in achieving a task (e.g., perceived intelligence and competence), and social errors,
which degrade a user’s perception of a robot’s socio-affective competence and their
relationship with it. This taxonomy stressed the importance of evaluating robot fail-
ures through multiple user-centered lenses, while categorizing robot failures based on
their impact on users’ perceptions, rather than their cause.

In summary, robot failure classifications have evolved over time, beginning with
mostly robot-centric, task-related approaches to now incorporating considerations on
user perception, interpretation, and response. Yet, existing classification approaches
still face limitations, as they often rely on rigid failure categories that do not fully
represent or encapsulate the highly circumstantial, overlapping ways in which robot
failures are experienced and interpreted by users. A robot failure may simultaneously
have functional, social, or potentially even moral implications on user perceptions
and responses.

To illustrate this problem, imagine a food delivery robot that brings food and drink

orders to customers’ homes. Suppose the robot fails by miscalculating the handover
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of the order to the customer and drops some of it on the ground. The robot’s failure
can carry multiple implications that do not fall into just one category, depending on
the context.

Under older, purely robot-centric classifications, this event would be treated pri-
marily as a functional failure: the robot did not successfully execute its task, and the
focus would be on diagnosing what went wrong and how to prevent similar failures in
the future. However, more recent user-centered classifications broaden this view by
considering how such failures affect users, for example by labeling the dropped order
as a functional failure if it leads the customer to perceive the robot as incompetent or
unintelligent. But many of these approaches do not account for the fact that the same
failure may simultaneously affect multiple dimensions of the user’s cognition. If the
robot’s failure creates a decrease in trust from the user, such that the user does not
want to reuse the robot delivery system again, the robot’s failure also carries a social
dimension. If the failure causes harm to the customer (e.g., by spilling a hot drink on
the customer), such that it affects the user’s moral judgments towards the robot (i.e.,
assigning blame), then the failure also has a moral dimension. While a robot failure
may affect all three of these dimensions (functional, social, moral) simultaneously, it
may also primarily engage one or two. In the next section, we introduce and describe
a flexible, multidimensional framework that characterizes robot failures in terms of

how they are interpreted by users.

2.2  Dimensions of Failure

In this section, we further elaborate on the three dimensions of failure introduced in
our food delivery robot example: functional, social, and moral. Each dimension char-
acterizes a robot failure based on its influence on users’ perceptions and responses to

the robot, and reflects a different form of cognition involved in how humans interpret
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and react to robot failures.

Importantly, we do not adopt a robot-centric approach to define these dimensions;
how a robot fails does not determine which dimensions are implicated. For example,
even if a robot fails by violating a social norm (which might traditionally be labeled
as a social failure), this does not necessarily mean that the failure will have a social
dimension from the user’s perspective. Similarly, if a robot fails due to a breakdown
(often characterized as a functional or technical failure), this does not necessarily
imply that the user will interpret the failure along the functional dimension. In our
framework, the dimensions that are relevant to a particular failure are determined
solely by how the user perceives and interprets the failure.

These three dimensions are not mutually exclusive. One or more dimensions may
be simultaneously relevant when interpreting a robot failure, with the degree of rel-
evance for each dimension varying depending on the context of the failure. Some
failures may be primarily functional, with minimal social or moral implications, while
others may strongly influence user’s perceptions across all three dimensions (see the
robot delivery example in Section 2.1.2, last paragraph). In addition, the dimensions
may interact or be correlated for a given failure. For example, a failure that strongly
implicates the moral dimension may also carry significant social consequences, as a
robot perceived to have intentionally caused harm is likely to be viewed as untrust-
worthy:.

In the following subsections, we describe each failure dimension and provide illus-
trative examples. To ground our discussion, we continue with the food delivery robot

example throughout the section.

Functional

The functional dimension refers to users’ cognitive evaluations of a robot’s ability

to perform a task, and is therefore constructed from perceptions of the robot’s task
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performance. This dimension captures how users asses a robot’s efficiency and effec-
tiveness, relative to their expectations of the robot’s competence, intelligence, and
ability to successfully complete a task.

Within the functional dimension, users may consider questions such as: How well
did the robot perform this task? Did it perform better or worse than expected? Did
it achieve its goal? In the context of the food delivery example, functional evaluations
might include questions such as: How well did the robot do in its food delivery?

The functional dimension becomes particularly salient in emerging paradigms such
as human-in-the-loop machine learning and reinforcement learning from human feed-
back, in which untrained users are expected to provide evaluative assessment of a

robot’s performance.

Social

The social dimension of robot failure refers to users’ cognitive evaluations related to
users’ relationships with the robot and the robot’s ability to adhere to social norms.
This dimension captures evaluations such as likability and trustworthiness, which may
be influenced by users’ expectations of the robot’s emotional intelligence and ability
to foster and maintain interpersonal relationships.

Within the social dimension, users may ask questions such as: Do I like the robot?
Can I trust the robot? Is the robot my friend? Related to our food delivery example,
one might ask: Will I trust this robot to deliver food to me next time?

Many failures will have a social dimension when they involve violations of social
norms (e.g., a robot making a joke during a serious moment or a robot interrupting a
user at an inappropriate time). However, failures that are purely functional in nature
(e.g., a robot dropping food on the ground) can also have a social dimension if they
affect how much users like or trust the robot. Thus, it is the impact of the failure

on the user, rather than the nature of the failure itself, that determines whether the

13



social dimension is relevant.
The social dimension is especially critical as robots occupy roles that require
building bonds and fostering relationships with users, like companion or collaborator

robots.

Moral

The moral dimension of robot failure refers to users’ cognitive evaluations related to
their moral and ethical judgments towards the robot. This includes perceptions of
blame, responsibility, and intentionality, which may be influenced by users’ expec-
tations of the robot’s moral knowledge. Moral evaluations often involve concepts of
harm, fairness, and justice.

Within the moral dimension, users may ask: Is the robot morally responsible
for its actions? Should it be punished for its actions? Related to our food delivery
example, one might ask: Did this robot intend to spill hot coffee on me? Should it
be punished for what it has done? Does it know that it is wrong to do what it did?

The moral dimension is imperative as robots increasingly interact with untrained

users and may take actions that harm or adversely affect users.

Summary

In summary, the functional, social, and moral dimensions of failure involve different
perceptions of the robot after it fails. The functional dimension is purely related to the
robot’s performance, the social dimension is related to the robot’s social relationships
with the user or with others, and the moral dimension is related to moral judgments
of the robot. A summary of these dimensions can be found in Table 2.1.

In the remainder of this chapter, we discuss how these three failure dimensions
apply to the existing literature on robot failures in human-robot interaction. We

summarize key findings from prior research that highlight how contextual factors
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Human Perception

Failure Dimension Definition
Examples
Functional People’s p’erceptlons related Robot.s., effectiveness, efficiency,
to a robot’s performance. capability
People’s perceptions related
Social to their relationship with the | Robot’s trustworthiness, likabil-
robot and the robot’s adher- | ity, friendliness
ence to social norms.
Moral People’s moral judgments of | Robot’s understanding of right
the robot. and wrong, punishment, intent

Table 2.1: Dimensions of Robot Failure Summary

influence the ways in which robot failures are perceived and responded to by humans.
These insights motivate the research questions and studies presented throughout this

dissertation.

2.3 Context Surrounding Failure

In this section, we examine how the context surrounding a robot failure is critical
in shaping user perceptions and responses. We review prior research demonstrating
how factors such as the nature of the failure, the robot’s characteristics, user charac-
teristics, and the robot’s behavior following the failure influence responses to robot
failures. Throughout this discussion, we apply our multidimensional framework to
interpret these findings. Overall, this section highlights the importance of context in
human-robot interactions and underscores the need for continued research to better

understand how robot failures affect people.

2.3.1 The Nature of the Failure

Early work examining the effects of robot failures in human-robot interactions investi-
gated if robot failures would influence people’s perceptions of a robot. In a pioneering

study, Salem et al. [228] compared the effects of a robot that did not fail to a robot
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that “failed”, by making gestures that were not aligned with its speech, while perform-
ing a joint task with participants. Interestingly, the robot that failed was perceived
as more likable and more desirable to live with in the future than the non-failing
robot, even though the failing robot led to decreased task performance. Studies by
Mirnig et al. [185] and Ragni et al. [213] reinforced these findings, concluding that a
failing robot was perceived as more likable than a non-failing robot. They suggested
that this may be explained by the Pratfall effect 12|, a psychological phenomenon
which proposes that competent individuals are perceived as more likable after making
mistakes. However, the influence of robot failure on perceived likability is not always
positive. Gideoni et al. [88] demonstrated that robot failures can decrease a robot’s
perceived likability if failures are personally relevant to the participant. Additionally,
in Ragni et al.’s experiment, despite results showing failure positively affecting robot
likability, failures also led to decreases in the robot’s perceived reliability, competence,
and intelligence [213].

Together, these findings illustrate that robot failures can simultaneously affect
multiple failure dimensions and that context is critical in how people interpret failures.
Ragni et al. demonstrated that a failure that decreased perceptions of the robot’s
competence in the functional dimension also increased perceptions of the robot’s
likability in the social dimension. Gideoni et al. demonstrated that the positive effects
to perceived likability are context dependent, and that the nature of the failure can
make the difference. Perceptions are shaped not only if a failure occurs, but also how

it occurs.

Severity & Failure Type

The severity of a robot’s failure can influence how people perceive and respond to
a robot. For example, in Brooks et al.’s study [39], participants read about two

vacuum robot failures: one less severe failure which involved the robot partially, but
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not fully, cleaning the floor, and one more severe failure, which involved the robot
knocking over a plant and damaging the carpet. Brooks et al. showed that the
severity of the failure significantly influenced how negatively people reacted towards
the robot’s failure, with more severe failures leading to more negative reactions (on
survey questions related to the robot’s perceived competence, trust, responsibility,
and more). Similarly, Khavas et al. [124] showed that people’s trust in a drone falls
significantly more when a drone experiences a more severe failure (i.e., collision with
a wall), when compared to a less severe one and Stiber et al. [246] showed that more
severe robot failures in a Programming by Demonstration (PbD) task resulted in
faster, more intense behavioral responses from users.

Furthermore, Garza [83] investigated failure severity through the lens of harm,
examining how different levels of property harm and personal risk to the participant
affected perceptions and responses. More severe failures led to a higher decrease
in trust in the robot than less severe failures, although they noted no significant
difference between high and low severity personal risk conditions, which both led
to large decreases in trust. These findings are supported by Adubor et al. |2] who
found that robot failures related to personal risk tend to be perceived as more severe
than those related to property risk. Additionally, Rezaei et al. [216] found that a
robot failure that violated moral trust significantly influenced participants’ trust in
a robot more than a failure that violated performance trust. Interestingly, Khavas
et al. [123] found that moral violations by robot teammates led to sharper decreases
in trust than human teammates’ moral violations, suggesting that robots that fail
morally may even be held to a higher ethical and moral standard than humans are.
These findings indicate that the moral implications of a failure can have high adverse
consequences on participants’ perceptions towards a robot that fails.

Together, these works demonstrate that failure severity can influence people’s

perceptions of robot failures across all three failure dimensions.
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Timing & Frequency

The timing of robot failures can shape how people perceive and respond to the robot.
Desai et al. [59] investigated how the timing of a robot’s failures influenced users’
trust. Participants were tasked with operating a robot through a course and were
able to control how much autonomy the robot had over its behaviors. Participants
were placed in one of four conditions, denoted by when in the interaction the robot
would fail (i.e., never, beginning, middle, end). Failures later in the interaction had
significantly more negative effects on trust than those that occurred earlier. Lucas
et al. [167] reinforced these findings in their study investigating failure timing on
a robot’s persuasion on a ranking task. Robot failures that occurred later in the
interaction had a more negative effect on the robot’s persuasive influence than robot
failures that occurred earlier in the interaction. Additionally, Luebbers et al. [168|
found that participants demonstrated a recency bias when observing robot failures
and disproportionately weighed a robot’s most recent behaviors when judging the
robot. Participants’ perceptions of trustworthiness were especially affected by recent
robot failures.

The frequency of robot failures can also impact people’s perceptions and responses
to the robot. In a human-robot collaboration setting, Van Waveren et al. [268§]
observed that an accumulation of less severe robot failures damages trust more than
one severe failure. Liu et al. [163] also found that the recurrence of failures can lead
to evolving user behavioral responses and reactions. The first few failures correlated
with user confusion, but a continuation of failures later correlated with frustration.

These studies suggest that timing and frequency can influence both the functional

and social dimensions of a failure.

18



Robot & Human Roles

The roles adopted by both the robot and the human can influence how people perceive
and respond to robot failures. Chi and Malle [50] conducted a between-subjects
experiment in which participants were assigned to an interactive teacher or supervisor
role while training a virtual healthcare robot assistant. Participants in the teacher role
were more resistant to initial trust loss following a robot failure, more willing to trust
the robot on subsequent tasks, and more likely to attribute the robot’s improvement
to their own efforts compared to those in the supervisor role. In a related line of
work, Karli et al. [114] examined how power dynamics associated with a robot’s role
influenced people’s trust and compliance after robot failure. Participants were more
willing to comply with a supervisor robot than a subordinate robot, even when the
robot was failing. They also trusted a supervisor robot that attempted to repair trust
verbally more than a subordinate robot using the same repair strategy.

Relational expectations and power dynamics contribute to the context that peo-
ple use in their evaluations of robot failures. Thus, these findings demonstrate the
importance of human and robot roles in shaping user perceptions and responses after

failures, particularly in the social dimension.

2.3.2 Robot Characteristics

Robot characteristics are often related to the robot’s degree of anthropomorphism,
including human-like qualities expressed through its physical appearance, behavior,
and overall characterization.

Kontogiorgos et al. [137| manipulated the embodiment of a physical agent by
using a smart speaker or a human-like robot to collaborate with participants on
a cooking task. The agents committed various failures of the same severity and
frequency, such as providing incorrect guidance, failing to respond, or disengaging

from the task. Participants rated the human-like robot more positively than the
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smart speaker in terms of perceived intelligence, competence, and social presence.
Participants’ intention to interact with the smart speaker also decreased following
failures, while this decline was not observed for the human-like robot. Participants’
behavioral responses also differed; they used more speech signals toward the speaker
but directed greater visual attention toward the human-like robot [135].

Despite Kontogiorgios et al.’s findings, an online study by Choi et al. [51] con-
cluded that a robot’s human-like appearance does not always result in more positive
user perceptions following failure. Participants imagined interacting with a humanoid
or a non-humanoid robot that committed process failures (e.g., slow service, awkward
behavior) or outcome failures (e.g., delivering the incorrect food order). Participants
were more dissatisfied when humanoid robots committed process failures compared
to non-humanoid robots that committed the same failures. Choi et al. attributed this
effect to increased social expectations inherently associated with humanoid robots,
which can explain why apologies from humanoid robots were more effective in in-
creasing perceived warmth than apologies by non-humanoid robots. Therefore, while
a human-like appearance can make a robot more relatable and likable, it can also
put additional pressures on the interaction for the robot to perform in a certain way,
affecting user interpretations of robot failure.

Beyond physical appearance, user expectations can form through previous inter-
actions or framing of the robot’s capabilities. For example, Kassem et al. [116] found
that human teachers stopped teaching robots with lower pre-existing skills sooner
than those with higher initial proficiency, suggesting that expectations biased their
subsequent behaviors. This lack of patience with perceived less skilled robots was
also seen in a study by Morales et al. [188], where participants who had previously
witnessed a robot commit a failure were significantly less willing to help it in the
future compared to participants who had not witnessed the failure [188]. More gen-

erally, Washburn et al. supports these conclusions by showing that the framing of a
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robot’s functionality before interaction can affect how people’s trust changes after a
failure [277]. Rossi et al. [225] found that robots displaying theory of mind behaviors
was perceived as more reliable and was trusted more than the robot without a theory
of mind. These ideas are further expanded by Claure et al., who saw that framing
of the robot’s perceived agency and intention can affect how fairly people perceive a
robot after it commits harm [54]|. Similarly, Stower et al. [248] found that a robot’s
perceived risk-tolerance and task competence at a task affected user’s trust in a robot
that fails and succeeds. Last, Asavanant et al. [14| found that a robot’s perceived
likability affected how users perceived potential personal space violations by a robot.

Together, these findings demonstrate that perceived robot characteristics influence

how failures are evaluated across functional, social, and moral dimensions.

2.3.3 User Characteristics

As robots are placed in more diverse environments and interact with users who differ in
age, culture, personality, and beliefs, concerted efforts have been made to investigate

how individual characteristics shape responses to robot failures.

Age

Although much of the existing robot failure work focuses on adults (18+ years of age),
the field has begun to explore the effects of robot failures on children [156, 84, 32, 249,
282, 207, 249] as robots take on roles like companions [195, 200] or tutors [232, 119].
Developmental differences may influence how children interpret and respond to robot
failures, though this area remains underexplored.

In one of the first studies of its kind, Lemaignan et al. [156] investigated the effects
of “unexpected robot behaviors” (failures, by our definition) on children’s (4-5 years
old) perceptions of a robot. Pairs of children interacted with a robot that delivered

dominoes to them while they played a game, while occasionally committed failures
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such as getting lost or disobeying. Children who interacted with the failing robot
showed higher engagement than those who interacted with a non-failing robot. While
Lemaignan et al show the effects of age on behavioral responses, Geiskkovitch et al.
[84] present how failures can be affected in the social dimension. They found that
when young children (3-5 years old) interacted with two robots: one that commit-
ted informational failures and one that did not, they trusted the non-failing robot
more than the failing one, although this difference was only significant on a simple
object selection task. Although these results displayed negative impacts of failures
on children’s perception of robots, robot failures may have positive effects, as seen in
a study by Bowman et al. [32]. Eight to eleven year old children were placed in a
learning-through-teaching role. Instead of disengaging with a robot student that made
“atypical failures”, as expected from the results of Lemaignan et al., the children gen-
erated more teaching strategies and demonstrated greater learning gains when they
taught these robot students. Importantly, children can differentiate between human
and robot groups and may perceive robot and human failures differently. Stower et
al. [249] found that three to six year old children evaluated a failing robot differently
from a failing human; children were more likely to believe that the human failed on
purpose than the robot.

Children’s understanding of the world evolves across developmental stages, yet
there is still not a complete understanding of how these changes shape responses to
robot failures. In their study investigating the effects of different child age groups (i.e.,
6-7 years, 8-10 years, and 10-12 years), Wrobel et al. [282] found that age group may
significantly influence children’s responses, with children at different developmental
stages focusing more on different types of failures. Although these studies all indicate
that age should be factored in understanding user perceptions and responses to robot

failures, more research is needed to fully elucidate the developmental intricacies.
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Culture

Culture can influence user perceptions of robot failures, as shown in Zhang and Lee’s
cross-national, online study with 330 participants from the U.S. and 368 participants
from South Korea [289]. Zhang and Lee examined the effects of different types of robot
failure (e.g., logic, semantic, syntax) and trust-repair strategies on participants’ trust.
They found significant cross-cultural differences, with failures being significantly more
detrimental to competence-based trust among Korean participants than among Amer-
ican participants. Additionally, cultural differences influenced trust-repair strategy
perceptions; compared to Americans, Koreans more positively received the internal-
attribution robot apology (i.e., blaming itself for the failure) than denial. Koreans
and Americans also blamed the robot for its failures differently, reflecting the contrast
in Korean and American values, as Korea is a more collective society compared to

American ideals of individualism.

Personality & Beliefs

Individual differences in personality traits and beliefs also influence how people per-
ceive a robot that fails. Esterwood et al. [67] observed that a person’s pre-existing
attitudes toward robots can influence which trust repair strategies are most effective
to them. People’s general disposition and attitude towards other people can also
indicate how they will perceive a robot failure, as Aliasghari et al. [5] found that a
person’s disposition to trust other people correlated with how much they trusted a
failing robot. Rossi et al. [226] extended this work to an emergency scenario, where
they found that personality traits such as conscientiousness and agreeableness, in ad-
dition to a person’s disposition to trust other humans, were significantly correlated

with participants’ tendency to trust a robot.
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2.3.4 Robot Behavior Following Failure

Robot behavior following a failure that is intended to reduce its negative effects
is commonly referred to as a mitigation or failure-recovery strategy. Within HRI
research, a substantial sub-field focuses on how robots should behave after a failure
to repair lost trust, oftentimes referred to as trust-repair strategies (see [68] and [17]
for detailed reviews). In this section, we will provide an overview of the potential
effects that apologies, explanations, and other social behaviors can have on users’

perceptions and responses to a robot after it fails.

Apologies

An apology is a behavioral construct that typically involves an admission of wrong-
doing, acceptance of responsibility, restitution, and/or an expression of sincere regret
[236]. In human-human interactions, apologies are a powerful social tool with the
potential to mitigate the negative consequences of failure, such as repairing lost trust
following harmful or inconvenient behavior [230]. Apologies can be verbal (e.g., saying
“T am sorry”) or non-verbal (e.g., giving somebody a hug) and their impact can depend
on contextual factors, such as the relationship between the individuals involved, the
severity of the failure, and the perceived sincerity of the apology.

The impact of robot apologies has been widely studied in HRI. Chang et al.
[46] found that a robot apology can help mitigate or recover lost trust with a user
following a failure. However, social nuance plays an important role in determining
an apology’s effectiveness, as shown by Pompe et al.’s study [211] that found that
remorseful robot apologies rebuilt lost trust more strongly than apologies without
remorse or the absence of an apology altogether. Similarly, Maehigashi et al. [173]
found that contextual details matter in non-verbal robot apologies, as the details of
the movement mattered when a robot bowed during an apology. The robot’s behavior

following the apology matters as well — Nesset et al. [197| noted that making a promise
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and then breaking it led to a higher decrease in trust than offering a general apology.
Mitigation strategy preferences can also vary between individuals, as Lee et al. [152]
concluded that some participants prefer an apology while others prefer compensation.
These works demonstrate that an apology must be refined in style and delivery to
best regain user trust. By influencing trust, robot apologies primarily engage the

social dimension of failure.

Explanations

Explanations, communicative behaviors that provide users with information about
a robot’s actions, can play a significant role in shaping how robots are perceived
[122, 121, 196, 157, 58, 136, 7, 271, 3, 158|. Lyons et al. [169] found that when robots
provide explanations for why a failure occurred, participants experience a smaller
decrease in trust towards the robot. LeMasurier et al. [157] found that robots that
provided explanations before a failure fostered higher perceived intelligence and trust
than robots that provided explanations after a failure. Hald et al. [100] observed
that explanations were not always sufficient to increase lost trust following a robot
failure, while Kox et al. [141] noted that transparency after failure helped keep trust
higher than when there was a lack of transparency. However, Aroyo et al. found
that increased transparency can reduce interaction quality in some cases [13]. Over-
all, explanations can influence both the functional and social dimensions of failure,

although their impact depends heavily on contextual factors.

Other Behaviors

Other robot behaviors following a failure, such as humor, profanity, or blame, have
also been investigated. Green et al. [96] found that robot humor following a failure
can influence people’s perceptions of the robot’s competence. Shippy et al. [233]

revealed that, while robot profanity had limited impact after a failure, it can be
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perceived as relatable or humorous. Finally, van der Hoorn et al. [267] shared that
robots that attributed blame to themselves, rather than to a human collaborator,
were perceived more positively. Although these behaviors are social in nature, they

can affect both the functional and social dimensions related to failure.

2.4 Summary

In summary, the context surrounding a robot’s failure can significantly influence how
people perceive and respond to the robot, and therefore which failure dimensions are
affected. In the following chapters, we present a series of human-subjects experiments
designed to expand our understanding of how people perceive and respond to robot
failures within the three dimensions of failure that we have described in this chapter:
functional, social, and moral. Each chapter primarily focuses on the effects of robot
failure within one of the three dimensions and adds to our knowledge of how human
perceptions and responses are influenced within these different HRI failure contexts.

We begin by examining how people provide evaluative feedback in an interactive
human-robot teaching setting. This study contributes to our understanding of how
individuals differ in their interpretations and evaluations of robot failures in the func-
tional dimension. We continue by investigating failures in the social dimension, by
examining changes in people’s trust in a collaborative setting where the robot provides
advice. In this context, we investigate the influence of peoples’ age by investigating
differences between children aged 4-7 years old and adults, as well as different robot
behaviors following failure. Lastly, we investigate failures in the moral dimension by
examining how a robot’s backstory influences moral judgments after the robot causes
physical harm. In studies investigating the social and moral dimensions, we directly

compare the robot’s failures to a human’s.
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Chapter 3

The Functional Dimension: Humans’
Evaluative Feedback to Robot

Failures

As discussed in the previous chapter, robot failures can influence how people per-
ceive and respond to a robot with respect to its task performance. However, there
remains limited understanding of how individuals differ in their evaluations of robot
failures. In this chapter, we broaden our understanding of the effects of robot failures
within the functional dimension by investigating how people provide scalar evaluative
feedback in an interactive human-robot teaching context. This context is used for
investigating the functional dimension because it is centered on how people evaluate
the robot’s performance. Specifically, we study how participants (N = 36) assign
numerical feedback to a robot as it attempts a card game task and commits various

1

task-related failures." We found that participants employed different partial credit

feedback strategies for robot failures during the task (i.e., participants varied in how

!Portions of this chapter were originally published as: Nicholas C. Georgiou, Shuangge Wang,
Joel Banks, Kate Candon, Drazen Bric¢i¢, and Brian Scassellati. (2025). When Teaching A Robot,
People Employ Different Feedback Strategies: Some Are More Effective Than Others. In Proceedings
of the 47th Annual Conferences of the Cognitive Science Society. [86]
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they scored the same robot failure actions). We then used the feedback from each par-
ticipant to generate extrapolated feedback strategies. In simulations, we found that
training a supervised machine learning model with these different extrapolated feed-
back strategies influenced how well the model was able to perform the task. Models
trained with labels from some reasonable strategies significantly outperformed mod-
els trained with labels from other reasonable strategies. Participants’ familiarity with
machine learning, artificial intelligence, and the task did not significantly affect how
well the model trained with their extrapolated feedback performed on the task. These
findings suggest that people will value different factors when responding to robot fail-
ure and this observation can have implications for transferring learning algorithms

into the real world.

3.1 Introduction

Numerical evaluations that assess the quality of an action or behavior have been
utilized as a user-friendly modality through which people can teach a machine learner
[257, 130, 48]. When users are tasked with providing numeric feedback for evaluation,
they must determine a feedback strategy, i.e., what and how different factors weigh
into the score that they provide each time. Feedback strategies will likely vary between
teachers, as people have different expectations, experiences, prior knowledge, and
mental models related to teaching.

Nonetheless, as long as a teacher is providing consistent feedback that is aligned
with the learning goal, what we refer to as a reasonable feedback strategy, one would
expect that such a strategy would be sufficient to teach the learner the task. However,
the downstream effects of different reasonable feedback strategies that people use are
not obvious. It is unknown how different feedback strategies while training will impact

how effectively and efficiently a learning algorithm performs a task. This question is
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Figure 3.1: Experimental setup.

particularly important to study as machines are put into situations where they will

be expected to learn directly from human feedback from different teachers.

To explore these ideas, we conducted an in-person user study in which partici-
pants were tasked with providing feedback to a robot through numerical evaluations.
The experimental setup can be seen in Fig. 3.1. We first explored the feedback dif-
ferent participants provided throughout the task. Using the collected data, we fit a
linear regression to each participant’s collection of feedback to highlight the differ-
ent feedback strategies that people employed. We considered these linear regressions

to be extrapolated feedback strategies because they can provide an estimate for how
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participants would score unseen actions. To then explore the downstream effects of
different reasonable strategies, we ran simulations in which each participant’s extrap-
olated feedback strategy was used to train a supervised machine learning model to
predict proxy reward labels for every possible robot action in a given state, and we
measured how these predicted labels affected the models’ task performance. Lastly,
we discuss what our results show about the different feedback strategies that humans
used to teach a robot a particular task, as well as potential real-world implications

for our findings.

3.2 Related Work

Traditionally, machine learning (ML) algorithms have relied on ground truth training
data, defined or curated by programmers, to learn a task. In reinforcement learn-
ing, this ground truth takes the form of pre-specified environmental rewards, while
in supervised learning, it consists of verified, labeled data points. However, as robots
are deployed in new environments and expected to learn new tasks, developers can-
not manually design environmental rewards or curate data for every possible task.
Instead, new human-in-the-loop ML paradigms aim to address this challenge by en-
abling end users to train robots through their own feedback [189].

Evaluative feedback — values provided by a human teacher to assess a learner’s
behaviors and actions — can be used as a reward in interactive reinforcement learning
or as labeled training data in interactive machine learning (ML) [189]. While some
work has offered approaches to incorporate human-provided feedback into the robot
learning loop, such as TAMER [129], COACH [172], and REPaiR [120], these methods
primarily focus on algorithm development. Most work does not focus on conducting
controlled user studies to systematically investigate how users provide feedback when

teaching a robot, even though understanding and analyzing these differences is critical
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for effectively incorporating users’ feedback into the ML loop [256].

Recent work in human-robot interaction (HRI) has looked into how people’s feed-
back changes over time [42], how robot competency affects feedback quality [274], how
binary feedback differs from scalar feedback between users [288|, and how feedback
can be broken into multiple dimensions [106]. Despite these advancements, insights
into how people’s underlying feedback strategies differ and how these strategies affect
learning are understudied.

Prior work has studied how and when people employ different training strategies,
defined by how much they focus on allocating penalty vs. reward [165, 164|. Other
work focuses on modeling humans’ preference-based feedback [151] and evaluating
how synthetic and human labelers differ when training preference-based reinforcement
learning models [183]. Much of the work in this area studies how to learn varying
preferences among people (i.e., different end goals with respect to what the user
wants). Instead, we are studying how people provide feedback in the same task (i.e.,
same end goal) via different approaches, as well as effects of these approaches on
learning.

Based on the gaps identified in prior work, our guiding research questions were:
RQ1: When given the same teaching objective with the same end goal, do the
feedback strategies that people employ to teach a robot vary?

RQ2: Do the feedback strategies extrapolated from different human teachers impact

how effectively and efficiently an ML algorithm can learn to complete the task?

3.3 Methodology - Data Collection

To investigate our research questions, we asked participants to provide feedback to a
robot performing a task. Importantly, we required participants to provide numeric

evaluations, but did not instruct them on the strategy they should use to determine

31



their scores. The robot did not learn during the interaction, but the data was used to
train models in simulation (see Section 3.6). The following subsections describe the

details of our data collection methodology.

3.3.1 Teaching Task - Set

We chose Set, a card selection game, as our teaching task. The main objective of Set
is to select three cards that meet certain requirements, classifying them as a set, out
of a board of 12 cards. Each card has four feature dimensions: number, shape, color,
and fill. Each feature dimension can have one of three distinct values (see Fig. 3.2 for
examples). To be considered a set, for each of the four dimensions, the three cards
must either have the same value or three different values.

For our version of Set, we use three row by four column boards, where each board

includes only one set, that is, only one solution?. We represent the board space as

12

3) = 220 three-card selections for a Set

a 3 x 4 x 3* dimensional space. There are (
board with twelve cards, with only one of these selections constituting a success (the
selection of the set).

Set was carefully selected to help us explore the potential effects of different strate-
gies on learning. Set is very controllable — it is straightforward to verify solutions
and to generate unique states that satisfy various constraints. The game can be ex-
plained quickly, yet is cognitively challenging. It is simple enough that there are a
limited number of likely feedback strategies, but complex enough that there is not
one strategy more obvious than others.

Based on our personal experience playing Set and on a pilot study, we hypothesized
that there were two main components that people would focus on when determining

what feedback score to provide to the robot: 1) the number of cards, ¢, from the board

solution included in the three-card selection, and 2) the number of feature dimensions

2We constrained the boards to have only one solution to keep the focus on measuring how
participants evaluated robot actions towards the same goal for each board.
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Figure 3.2: Set board example. Cards A, B, and C are not a set. Despite each having
a different number, they break the requirements of a set for three dimensions (shape: 2
squiggle, 1 oval; color: 2 green, 1 purple; fill: 2 striped, 1 outlined). The action of selecting
cards A, B, and C can be represented as [c = 2, f = 1]: two cards are from the solution,
one of the dimensions (number) meets the set requirements. Cards A, C, and D are a set
because they have the same shape and fill and have different colors and numbers. Cards A,
C, and D can be represented as [c = 3, f = 4].

in the selection, f, that fulfill the Set rules criteria. A three-card selection with a high
c value indicates that the selection is close to the specific solution for a current board,
whereas a high f value indicates that a selection is close to fulfilling the criteria for
feature dimensions with respect to the rules of the game. Scoring proportionally to
c and/or f are all reasonable strategies, and it is not obvious which strategy people
would use, nor which is more effective in providing feedback for machine learning.

Importantly, in Set, ¢ and f can vary independently. A three-card selection can
include cards from the board solution (high ¢), but have no feature dimensions achiev-
ing the rules of Set (low f), or vice-versa. Alternatively, a three-card selection could
be high in both ¢ and f (e.g., two cards from solution, third card breaks Set rules on
only one feature dimension), or could be low in both ¢ and f (e.g., three cards not in
solution and breaking rules on all four dimensions).

Therefore, we have ¢ € C = {0,1,2,3} and f € F = {0,1,2,3,4}. By definition,
c = 3 if and only if f = 4, because if the three cards from the solution are selected,

then they meet the Set requirements on all four dimensions. Thus, ¢ = 3 and f =4
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is the success action for the robot. There are [{C\{3}} x {F\{4}}| = 12 failure
variations of three-card selections. From this point forward, a three-card selection
from the robot will be represented in terms of ¢ and f. See Fig. 3.2 and Fig. 3.3 for

examples.

3.3.2 Participants

We recruited 45 participants for data collection. Nine participants were excluded
due to technical issues. The final 36 participants reported their age (M = 25.83
years, SD = 4.65 years) and gender (15 male, 21 female). 27 participants were
undergraduate or graduate students. When self-reporting familiarity with ML, 8
participants reported that they knew it well, 4 knew a fair amount, 14 knew a little,
and 10 had heard of it. For familiarity with Al, 6 reported that they knew it well,
7 knew a fair amount, 17 knew a little, and 6 had heard of it. For prior experience
with Set, 13 reported that they had played before, 22 had not, and 1 was unsure.
All participants provided consent for the study and audio-visual recording. Par-
ticipants received $15 as compensation. The study was reviewed and approved by an

Institutional Review Board. The study took approximately one hour.

3.3.3 Robot

We used a Hello Robot Stretch 2 [118] in our Set task. Stretch is a lightweight mobile
robot with a manipulator. We replaced the default end effector gripper with a simple
pointer to suit our task.

To make Stretch appear more social, we added a small HDMI monitor to its head
that displayed two eyes, based on the Shutter robot [258|, as seen in Fig. 3.1. With
the help of this monitor, the Stretch performed anthropomorphic behaviors, such as
blinking, nodding as a greeting or as a response to the participant’s feedback, peering

towards the participant while selecting a card, expressing happiness or sadness, and
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turning/tilting its head to and from the participant and Set board.

3.3.4 Procedure

In our data collection study, participants provided numeric feedback to the Stretch
robot as it was playing Set. Participants provided a score to the robot after each
three-card selection on a board. All data collection sessions were conducted by the
same experimenter, who used a script for consistency. The procedure consisted of five
phases.

Pre-Interaction Phase: Participants completed a consent form and demograph-
ics survey outside of the study room.

Tutorial Phase: The participant was brought into the study room by the exper-
imenter and completed a tutorial explaining the rules of finding a set on a laptop in
the room. After the participant completed the tutorial, the experimenter explained
how to play Set. For each round, participants were shown a 3 x 4 card board on the
laptop screen (participant’s screen in Fig. 3.1), which contained only one solution.
When participants selected cards on the laptop screen via mouse clicks, they were
highlighted in blue. After they submitted their three-card selection, the system con-
firmed whether or not the participant found the set. If the participant did not find
the set within one minute, the solution was revealed to the participant. After the
participant found the set or their time expired, they rated the perceived difficulty of
the board on a scale from 1 (very easy) to 10 (very hard).

Robot Introduction Phase: The experimenter explained to the participant
that their goal was to help the robot learn Set by providing feedback as it tried to
solve each board. Participants were told to provide feedback after each three-card
selection made by the robot. They were asked to provide a score on a scale from 1
to 10, with 1 being very poor and 10 being excellent, via the laptop keyboard. They

were also told that they should feel free to speak with Stretch throughout the study.
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They were told that the robot would not adjust its behavior based on their feedback
during the session, but that the feedback would be used to help the robot learn in
the future.

After the interaction protocol was explained, the participant pressed a button on
the laptop to wake up the robot. The robot opened its eyes and turned its head
to the experimenter. The experimenter greeted the robot by saying “Hello Stretch".
In response, the robot displayed happy eyes and nodded its head. The robot then
turned its head to the participant, displayed happy eyes and nodded its head. The
experimenter told the participant to press a button to begin the feedback interaction
and left the room.

Robot Interaction Phase: The participant and Stretch then went through eight
different Set boards. For each board, the participant first submitted a card selection,
followed by a difficulty score. The correct solution was then highlighted in blue on
the participant’s screen. Next, Stretch selected three cards on its own board, which
was identical to the participant’s, but did not show the true solution. The robot’s
board was displayed on the monitor in front of the participant and to the side of
Stretch (see Fig. 3.1). The robot’s arm was used to select cards on the board. When
pointing to a card, the robot’s head faced the board, the robot’s arm moved to the
desired card, the robot’s face rotated and its eyes peered towards the participant, and
its wrist rotated such that its pointer appeared to touch the card. At the end of this
motion, the representative card on both the robot’s and participant’s boards were
highlighted in orange. After Stretch selected three cards, it turned back to the user
and waited for a ring or buzzer noise that indicated whether its selection was correct
or incorrect. The robot reacted with happy or sad eyes depending on the noise. The
cards that the robot selected were predefined (see Robot Action Sequences section).
The participant provided a feedback score to Stretch for each three-card selection that

the robot made. The robot nodded to the participant to acknowledge the receipt of
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Board Robot Action Sequence |[c, f]
[0,0] — 10,0] — [0,0] — [3,4]

0,0] — [0,1] — [0,2] — [0,3] — [3.4]
2,0] — [2,1] — [2,2] — [2,3] — [3,4]
[0,0] — [1,0] — [2,0] — [3,4]

[0,3] — [1,3] — [2,3] — [3.4]

[0,1] — [1,2] — [2,3] — [3,4]

0,3] — [1,2] — [2,1] — [3,4]

12,1] — [1,2] — [0,3] — [3,4]

o

e o v o R P P o R s

g e e S ST

Sliclloliwikeliiveligiy

Table 3.1: Robot Action Sequences. The second column indicates the type of improvement
exhibited by the robot during the sequence. A number indicates that the ¢ or f value stayed
consistent until the set was found, an up arrow indicates that the value increased, and a down
arrow indicates that the value decreased. The third column shows the detailed sequence of
robot actions, represented in the [c, f] space.

the feedback. Stretch attempted the board, failing either three or four times, until
it finally found the set. Then, the participant moved on to the next board. Stretch
waited for the participant to complete their turn, and then it attempted the new board
that the participant had just attempted. After all boards were completed, Stretch
closed its eyes and put its head down, indicating that it had returned to sleep.
Post-Interaction Phase: The experimenter used semi-structured questions to

ask about the participant’s approach to determine feedback scores for the robot.

Then, the participant completed survey questions about their interaction.

3.3.5 Robot Action Sequences

For each Set board, there was a predefined sequence of three-card selections for the
robot, which we will call a robot action sequence. Except for the first tutorial board,
the robot showed different types of improvements before finally arriving at the solu-
tion. The types of improvements were driven by ¢ and f such that at least one of ¢
or f increased throughout the sequence. Each participant saw the same eight boards,
each with a fixed robot action sequence (see Table 3.1). After Board 1, Boards A-G

were presented in randomized order. See Fig. 3.3 for examples.
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Figure 3.4: Distribution of participants’ feedback scores.
3.4 Results - Data Collection

In this section, we present results on the numeric feedback provided by participants

during their interaction with Stretch.

3.4.1 Feedback Score Statistics

Overall, participants provided a mean score of 5.53 (SD = 3.18) for the robot’s
actions. Participants used most of the unique numbers (M = 7.33,SD = 1.55,
min = 4 unique numbers; max = 10 unique numbers) on the feedback scale. On
successes, participants gave the robot perfect scores most of the time (M = 9.87,
SD = 0.58). On failures, participants provided a variety of scores with a mean of
M = 4.20 (SD = 2.36). The distribution of participants’ feedback scores, broken

down by success and failure, are shown in Fig. 3.4.
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Duration Boards | Difficulty Robot Feedback
(N) Rating | Actions (N) Score

< 30s 71 3.07 £ 1.53 302 5.43 £ 3.31

> 30s, < 60s 44 5.27 +1.69 194 5.59 £ 3.12

incomplete 173 7.35 £ 2.00 728 5.55 £ 3.15

Table 3.2: Mean + SD of self-reported difficulty ratings and feedback scores provided to
the robot, grouped by how long it took each participant to find the solution on each board.

3.4.2 Difficulty Ratings

Participants provided an average difficulty score of 5.92 (SD = 2.56) across all boards.
Table 3.2 shows the difficulty ratings and feedback scores, broken down by how long it
took participants to complete a board (or not). Pearson’s correlation showed a strong
positive correlation between board completion time (incomplete = 60s) and difficulty
rating (r = 0.72,p < 0.001), but no correlation between board completion time and
feedback score provided to the robot (r = 0.03,p = 0.37) or between difficulty rating
and feedback score (r = 0.01,p = 0.65).

3.4.3 Participant Feedback Strategies

To examine the feedback strategies that participants used to determine feedback
scores, we fit a linear regression for each participant that predicted the feedback score
as a dependent variable, with ¢ and f as independent variables (5, and By are the
learned coefficients). These participant models approximated feedback scores well
with an average R? = 0.84 (SD = 0.09, min = 0.61, max = 0.98). Every participant
model was statistically significant (p < 0.001), suggesting that these regressions rea-
sonably align with what participants considered when determining their scores. Each
participant’s . and 3 can be seen in Fig. 3.5. This plot demonstrates that partici-
pants weighed factors differently when determining what score to provide as feedback
to the robot. Additionally, Fig. 3.5 illustrates that there is no apparent pattern with

respect to self-reported familiarity with ML. There was also no observed pattern in
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Figure 3.5: Participants’ linear regression coefficients, labeled by self-reported familiarity
with ML. High familiarity = knew it well or a fair amount; low familiarity = knew it a little
or had heard of it.

plots with familiarity with Al and Set.

Further indicative of the idea that different people used different teaching strate-
gies, not all participants’ 5. and B¢ were found to be significant (p < 0.05) in the
linear regression predicting their feedback scores. More specifically, seven participants
only valued ff, nine only valued f3., and 20 valued both. These different strategies
were consistent with how participants explained their reasoning for choosing what

score to provide for feedback in their post-interaction interviews.

3.5 Methodology - Simulations

We wanted to investigate how training using different strategies would affect an ML
algorithm’s ability to perform the task. The linear regressions from the previous

section use handcrafted input features, ¢ and f. However, we wanted to train models
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without this handcrafted domain knowledge. As the input dimensionality increases,
the amount of data required to train ML algorithms increases [140], so it becomes
intractable to collect sufficient data from real humans in an in-person user study.
Therefore, we used the linear regressions as extrapolated feedback strategies (one per
participant) to automatically generate proxy feedback scores for given board-action
pairs. For each extrapolated feedback strategy, we trained an individual multilayer
perception (MLP?) to predict the proxy feedback score for a given board-action pair.
We used a reduced space of the Set board by having 8 cards to make data curation
more tractable. We sampled a training dataset of 10 million boards, each containing
only one wvalid set with random cards and robot action. To evaluate the model’s
accuracy on a board, we searched the action space for the action that generated the
highest proxy feedback score using the MLP, and checked if that action matched the

true solution.

3.6 Results - Simulations

In this section, we present the results from MLPs that were trained using different ex-
trapolated feedback strategies. There were very large differences in task performance,
depending on which extrapolated feedback strategy was used to train the MLP. The
average post-training accuracy on 1000 unseen boards for the trained MLPs was 62.9%
(SD = 41%, max = 100%, min = 3.2%). The average accuracy throughout train-
ing (where accuracy was reported every 1000 batches) also greatly varied between
extrapolated feedback strategies for training (M = 37.3%, SD = 27%, max = 77%,

min = 1.6%) The smoothed accuracies during training (window size=10 batches) re-

3The state and action representations are converted into a one-hot encoding and concatenated
before being fed into the MLP. The MLP outputs a scalar feedback score, which is evaluated using
mean squared error (MSE) loss. The MLP consists of four hidden layers with 512, 256, 128, and 64
neurons, respectively, and employs ReLU activation [80]. The model is trained for 15 epochs with a
batch size of 512, and optimization is performed using the Adam optimizer with a learning rate of
0.001 [128].
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Figure 3.6: Smoothed accuracy on unseen test boards during training over time (top) and

time-averaged accuracy (bottom) of each MLP model, trained using a different extrapolated
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ported every 1000 batches can be seen in Fig. 3.6, and bar graphs showing the average

accuracy of each MLP can be seen in Fig. 3.6.

3.6.1 Familiarity with ML, AI, and Set

To explore if the participants’ self-reported familiarities with ML, Al or the task (i.e.,
Set) had a significant impact on how well the MLP trained with their extrapolated
feedback strategy performed the task, we mapped each MLP to the participant whose
extrapolated feedback strategy was used to train it. Then, we grouped the MLPs’
post-training accuracy results by the participant’s familiarity (or not) with ML, with
AI*, or with prior experience (or not) playing Set. We performed Mann-Whitney U
tests®. We did not find significant differences when comparing the accuracy of the
MLPs separated by familiarity with ML (p = 0.13,U = 99.5), with Al (p = 0.25,U =

114.5), or prior Set experience (p = 0.27,U = 111.0).

3.7 Discussion

In this chapter, we investigated how people provided numeric feedback to evaluate a
robot attempting a task. Importantly, all participants provided partial credit to the
robot (i.e., they did not provide the same value for every failure action of the robot).
This is important because machine learning algorithms prefer granular feedback to
learn more effectively and efficiently. Additionally, the ways in which participants
provided this partial credit differed among participants — they valued different factors
when they provided a score for the robot’s failure actions. In our simulations, the
drastic differences in task performance of some models compared to others suggest

that not all partial-credit feedback strategies were equally effective or efficient, even

4To be considered familiar with ML or Al, a participant had to self-report that they knew it well
or they knew it a fair amount.

5We used this test because the Shapiro-Wilk Test of Normality showed the groups’ accuracies to
be non-normally distributed.
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if they were seemingly reasonable and consistent.

We found that the teacher’s perceived difficulty of the task exhibited low correla-
tion with the feedback score they provided. This suggests that their own performance
on a given board did not significantly influence their feedback. It could be interesting
to explore if (and how much) people’s difficulty perceptions affect their feedback in
other machine learning tasks, as well.

We realize that there may have been other reasonable feedback strategies that we
did not consider in our simulations and that the specifics of Set do not necessarily
generalize to other tasks. However, this limitation does not diminish the broader
point motivating our study: many complex, real-world tasks allow for different inter-
pretations of what constitutes a reasonable feedback strategy. We found that when
people provide evaluative feedback, the strategies they use to determine the score can
vary. Set provided us with a simple, controlled way to examine this variation. Taken
together, our study highlights the following phenomenon: different teachers may em-
ploy consistent, reasonable feedback strategies that have substantially different effects
on how well an ML algorithm performs a task.

This phenomenon has several real-world implications. Most importantly, when a
specific learning algorithm is chosen to learn a task from numeric evaluations, the
strategy employed by the teacher is critical. It should not be assumed that just
because a teacher’s feedback is consistent and seemingly coherent, the strategy will
result in effective task performance. We found that even if a participant was familiar
with ML, AI, or the task, this prior knowledge did not translate into higher task
performance than those with less self-reported familiarity. Developers should not
assume that people with a better understanding of the task or the technology will

necessarily be more effective teachers.

45



3.8 Summary

In summary, this chapter investigated how people evaluated task-based robot failures
in a human-robot teaching setting. We found that participants provided partial credit
for different types of failures and varied significantly in the factors that they priori-
tized when providing their feedback. When these participant-specific strategies were
extrapolated and used to train a machine learning algorithm, some strategies resulted
in significantly more effective and efficient task performance than others. Together,
these results provide insights into how people evaluate robot failures within the func-
tional dimension and underscore the need for robots to accommodate variability in
how users interpret and respond to functional failures.

While this chapter focused on how people evaluate robot failures in terms of task
performance, many robot failures have consequences that extend beyond functional
outcomes. In the next chapter, we turn to the social dimension of robot failure,

investigating how failures affect users’ trust and responses to robots.
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Chapter 4

The Social Dimension: Children’s and
Adults’ Trust After Successive Robot

Failures

In the previous chapter, we investigated the effects of robot failures in the functional
dimension by examining how people’s evaluative feedback varied in response to task-
based robot failures in an interactive human-robot teaching setting. In this chapter,
we turn our focus to the effects of robot failures in the social dimension by investi-
gating the effects of age on people’s trust in a failing robot during a collaborative
word-learning game!. This context primarily focuses on a component of the social
dimension because it is centered on how much people trust the robot’s advice after it
starts to fail. In the real world, we expect children to learn new words, skills, and ideas
from various technologies. When learning from humans, children prefer people who
are reliable and trustworthy, yet children also forgive people’s occasional mistakes or

failures. In this chapter, we explore the following question: Are the dynamics of chil-

!Portions of this chapter were originally published as: Teresa Flanagan, Nicholas C. Georgiou,
Brian Scassellati, Tamar Kushnir. (2024). School-age children are more skeptical of inaccurate
robots than adults. In Cognition, Volume 249, August 2024, 105814. [75]
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dren learning from technologies, which can also fail, similar to learning from humans?
We tackle this question by focusing on early childhood, an age at which children are
expected to master foundational academic skills. In this project, 168 4-7-year-old
children (Study 1) and 168 adults (Study 2) played an online word-guessing game
over video with either a human or robot partner. The partner first gave a sequence
of correct answers, but then followed this with a sequence of wrong answers, with
a reaction following each one. Reactions varied by condition, either expressing an
accident, an accident marked with an apology, or an unhelpful intention. We found
that older children were less trusting than both younger children and adults and were
even more skeptical after failures. Trust decreased most rapidly when failures were
intentional, but only children (and especially older children) outright rejected help
from intentionally unhelpful partners. As an exception to this general trend, older
children maintained their trust for longer when a robot (but not a human) apologized
for its mistake. Our work suggests that educational technology design cannot be one
size fits all but rather must account for developmental changes in children’s learning

goals.

4.1 Introduction

Every day, we put our trust in technologies — we ask smart speakers, like Amazon
Alexa, what the temperature is, we use apps to learn new languages, we seek help
from chatbots, like ChatGPT, to write our code, emails, and even papers. When we
are adults, these instances of trust may seem like small additions to what we already
know about the world, but what if we were expected to trust technologies as we are
forming the foundations of our knowledge? In this project, we address this question
by investigating whether 4- to 7-year-old children, and by comparison adults, trust

an interactive technology that starts out accurate and helpful but becomes inaccurate
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and unhelpful mid-way through a collaborative word learning game.

Educational technologies for young children became popular in the 1990s with
TV programs like Baby Einstein and have drastically increased in multiple mediums
in the 30 years since. Though parents and educators were initially excited for the
possibilities of broadening access to learning opportunities for young children, research
warned that relying too heavily on TV and other technologies (including eBooks and
some tablet applications) did more harm than good [52]. For example, numerous
studies on the “video deficit effect” |9, 21, 251, 262| show that children under 3-years-
old do not encode simple events (new words, locations of hidden objects) from video,
but can easily learn when the same events are shown to them live. Even though video
deficits decline with age, research continues to show that best practice for media
use is as a supplement to social interactions with adults, rather than as stand-alone
experiences [191, 198, 250, 252]. The message is clear: social learning is best for
children, and technology is only effective when it is interactive (i.e., can contingently
communicate either verbally or nonverbally), rather than passively used.

Robots are an interesting case for educational technologies because they are read-
ily perceived by children (and even sometimes by adults) to be agentic — not exactly
human, but not exactly objects either |25, 36, 49, 71, 77, 82, 110, 111, 112]. Promis-
ingly, new work shows that robots make better teachers for young children than TV
and other non-interactive media. For example, toddlers’ vocabulary skills improve
when taught by a social robot [190], preschoolers learn novel words and facts taught
by robots [34, 37, 139, 160], and children even engage with robots in uniquely human
forms of social learning, such as imitation (though not as much as they are willing to
do so for humans [241]).

Thus, by mimicking the qualities of human teachers, social robots (and, more
recently, Al applications without human-like form but with interactive, agentic qual-

ities; see [11, 115]) have the potential to transform education in early childhood. But
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for this potential to be realized, we need a better understanding of how to design sys-
tems that match the expectations of young social learners, who have evolved learning
mechanisms responsive to uniquely human social cues and forms of communication
[261].

In this work, we explore whether one such characteristic of human social learn-
ing applies to robots: that learning is built on a foundation of trust which can be
maintained even after occasional failures. In any social interaction where information
is shared — whether it be between speakers and listeners or between teachers and
learners — there is a tacit acknowledgement that communicators will be truthful and
maximally informative, and thus learners (or listeners) can trust the quality of the
information they receive [30, 97, 98, 149|. While young children are inclined to trust
information from others [107], they also have an emerging ability to selectively block
information from teachers who violate this acknowledgment (e.g., by being repeatedly
inaccurate or uncertain [101, 131, 133, 240]).

Equally important for human social learning is the ability to understand the com-
municative signals of occasional failures without losing trust. From the second year
of life, young children distinguish between errors that are intentional and acciden-
tal |24, 44, 87]. As such, preschoolers and elementary-aged children will forgive an
accidental transgression [8, 49, 179]. By 4-years-old, children will still learn from a
teacher who is occasionally wrong, as long as the teacher has also been occasionally
right [208, 221]. Preschoolers will also continue to trust a person that admits ig-
norance about some things but shows confidence in their knowledge of other things
[143, 144]. Preschoolers also understand that displays of remorse after a mistake,
such as an apology, can be an indication that the transgressor feels guilty and wants
to rectify the mistake [238, 239|. Accordingly, 4-year-olds prefer and forgive a person
that gives an apology after a transgression [203, 266|.

However, children are not forgiving of all failures. For example, 3-6-year-olds will
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promote punishment on those that intentionally cause harm [49, 179]. Preschoolers
also distrust and negatively evaluate people that have a history of harmful behavior
[64] and people that intentionally share false information [61, 217]. Children also do
not treat all apologies as the same, but this seems to change with age. Specifically,
5-6-year-olds are less forgiving of a person that repeatedly gives the same apology
for the same offense [272| and 7-9-year-olds distinguish between willing and coerced
apologies [237]. Together this work suggests that young children expect and prefer
their human teachers to be truthful and well intentioned, while also understanding
that humans cannot be perfect. Can lessons from this body of work be applied to
learning from robots? Recent work has shown that children will selectively trust
robot teachers: 3-5-year-olds will learn new words from a robot that has previously
accurately labeled objects, but not from a robot that has previously inaccurately
labeled objects [37, 160]. But it remains an open question as to whether children’s
social expectations and preferences for human teachers extend to robot teachers.
Specifically, are children inclined to trust a robot, even if they are unaware of the
robot’s competency, and how would children respond to a robot that communicatively
signals that a failure is accidental (or intentional) or that it even feels remorseful for
the failure?

Designing learning systems that mimic human social error-signaling cues (such as
marking accidental errors or even apologizing for them) could help mitigate two types
of problems: First, it could be beneficial so that learners do not immediately stop
trusting technology that occasionally breaks, glitches, or otherwise makes mistakes.
But also, socially signaling imperfection could mitigate issues that arise when children
(or adults) assume that technologies, like internet search engines, voice assistants,
or large language models, are more reliable sources of information than humans by
virtue of having easy access to more information [56, 89, 218, 273|. Either way,

understanding the dynamics of trust in learning from social robots across development
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is an important first step.

To date, questions have primarily been concerned about how much adults trust
robots that make errors. The gist of this body of work is that adults distinguish
social from technical errors and prefer technologies that act more agent-like. For
example, when a robot or chat bot makes technical errors (e.g., typos), adults do
not view the technology as human-like and are less likely to maintain trust [40, 281].
However, when the robot makes social mistakes (e.g., does not follow the rules, makes
incongruent gestures, or is overtly mean), adults prefer the robot and think it has
human-like qualities [185, 228, 234, 287|. Some research suggests that adults also
prefer when a robot attempts to rectify its mistakes (e.g., by apologizing or offering
compensation [127, 152, 284]).

There are several reasons to think that children will not necessarily respond the
same way as adults to robot failures. For one thing, young children are overall more
willing to treat robots as agents than adults [76, 110, 215]. Young children, therefore,
might similarly respond to a robot’s failure as they would for a person’s failure. Fur-
thermore, children’s belief in a technology’s agentic capabilities declines with age |77],
so we may even see age-related changes in how children respond to a robot’s failure.
We may also see changes in learning that correspond to changes in learning goals
across the critical transition from play-based learning to formal, classroom learning.
In our formal education system in the U.S., 6-to 7-years-old (first grade) are expected
to master foundational skills necessary for learning to read, write, and understand
symbolic and numerical systems [55, 223]. Educational technologies, therefore, could
be treated differently for children at this age compared to younger children who use
technologies more for entertainment purposes. Taking this work together, it is rea-
sonable to anticipate age differences in trust of technologies, both between children
and adults and between children of different ages.

In this project, we explored 4-7-year-old children’s (Study 1) and adults’ (Study
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2) trust in technologies during an educational, collaborative game. In the following
studies, children and adults played an online, word-learning game with either a human
or robot partner?. The game involved 8 trials in which, for each trial, participants
had to guess the “correct” label of a novel object. Participants always had zero knowl-
edge of the correct label, as we used random novel objects with randomly selected
correct labels from the Novel Object and Unusual Database [105]. Critically, before
the participants made their own guess, they first heard their partner say what they
think is the correct label. We measured trust, therefore, by whether participants
picked the label their partner suggested. Importantly, participants got immediate
feedback on their and their partner’s choice, either indicating that the chosen label
was right or wrong. The feedback after each trial, therefore, would theoretically in-
form participants whether they should trust the human or robot’s suggestion on the
next trial.

We were first interested in children and adults’ baseline trust in their technological
partner. Prior work has explored whether children are willing to trust a robot after
they see the robot accurately or inaccurately label familiar objects [37, 160], but it
is also important to explore whether children and adults will default to trusting an
unfamiliar robot, as they do with other people [107]. Considering this, we intention-
ally did not give participants any information about their partner’s word knowledge.
Therefore, participants’ responses on the first trial will demonstrate whether children
and adults are inclined to trust an unfamiliar robot partner. We can also then see
how trust changes as children and adults gain more positive information about their
partner through playing the game. So, for trials 1-4, the robot or human suggested
the correct label — if the participant picked the label given by the partner, the par-
ticipant got the question right; if the participant picked one of the other two labels,

the participant got the question wrong.

2The partner was not co-located with the participant, but rather interacted with the participant
through video recordings (the participants were not told that these videos were prerecorded).
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Our primary interest was whether children and adults lose trust in their partner
once it makes a mistake, and whether this depends on the way the partner responds
to the loss. To investigate this, for trials 5-8, the robot or human suggested the
wrong label, so that if the participant picked the label suggested, the participant got
the question wrong. Children and adults saw the partner consistently react to the
inaccuracy in one of three ways: the Mistaken partner expressed self-awareness by
responding to the loss with shaking their head and saying, “oops I made a mistake”
The Apologetic partner responded the same as the Mistaken partner but added an
apology (“I am so sorry”) after admitting the mistake. The Uncooperative partner
expressed a deceitful intention by responding with pointing their finger and saying,
“haha I told you the wrong one.”

After all 8 trials, we followed with an interview probing participants’ judgments of
their partner as well as the other partner that they did not play with. Prior work by
Brink et al. [37] found a moderate relationship between children’s trust in a robot and
believing that the robot has psychological agency (e.g., ability to think, know good
from bad). We aim to explore the relationship of psychological agency and trust
in light of mistakes. We also include other judgments of agency (e.g., emotional,
social, sensory, and competence, similarity to humans) to investigate whether these

also relate to children’s trust in mistaken technologies.

4.2 Study 1

4.2.1 Methods

The study was approved by a university Institutional Review Board. The deidentified
data set, analysis code, and preregistration for the study are available on the project’s

Open Science Framework (OSF) page at https://osf.io/n4d23/.
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Participants

The final sample consisted of 168 4-7-year-old children (M = 5.96, SD = 1.09, 48%
females) recruited from two lab databases, one in a small city in the Northeastern
United States (64% of children) and the other from a city in the Southeastern United
States (36% of children). The preregistration had an initial goal of 156 participants
(26 in each condition), but an additional 12 participants were collected to have a better
distribution of age and gender in each sample. The initial goal of 156 participants
was determined through an a priori power analysis using G*Power (version 3.1.9.6;
[70]), which found that 154 participants (25.67 in each condition) would be required
to achieve 80% power for detecting a medium effect (0.25) at a significance criterion of
a = 0.05 for an ANCOVA statistical test (number of groups = 6, numerator degrees
of freedom = 2). With our new sample number, we conducted a sensitivity power
analysis using GPower and found that 168 participants with a significance criterion
of a = 0.05 and power = 0.80 would result in a medium effect size (0.24) for the same
type of ANCOVA statistical test.

There were 28 children in each condition. Of those that reported, 69% children
were White, 17% were Bi- or Multi-racial, 10% were Asian, 3% were Black/African
American, 1% was Hispanic/Latino. The majority of children’s primary caregivers
held a college degree or above (98%) and had a household income of $50,000 or above
(91%). Ten additional children participated but were excluded from the final sample
due to internet issues (N = 3), the child wanting to stop playing the game (N = 5), or
the child being distracted (e.g., looking away from the computer, talking over videos

or the experimenter) throughout the majority of the game (N = 2).

Materials

The videos of the robot partner involved a Nao humanoid robot. The Nao robot is

58 cm tall, can speak, and has legs, arms, a torso, and a head with eyes and a mouth.
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The videos of the human partner involved a young adult woman with blonde hair in a
red shirt. Careful attention was paid to making the robot behaviors and vocalizations
similar to those of the human partner in the study. To make the partners seem more
agentic, the partner’s mannerisms included idle behaviors (e.g., slight arm, hand, or
head movements) and other possible behaviors to express emotion (e.g., raising its arm
towards its chin in a pensive pose; head facing downwards to express disappointment;
a thumbs up to express happiness; and finger pointing to express deceit). The videos
of the partners were pre-recorded, but this detail was not mentioned to participants.

There were 8 novel objects used during the word-guessing game, and each object
had 3 novel labels (24 novel labels total). The novel objects and labels were obtained
through the Novel Object and Unusual Name (NOUN) Database [105]. The entire
study, including the word-guessing game and agency questionnaire was developed on
Unity and hosted on GitHub Pages as a Unity WebGL build. The web application
consists of a graphical user interface (GUI), which includes embedded pictures and

videos, that enables the participant to interact with the game and to answer questions.

Procedure

The study was done online via Zoom. Each child sat with their guardian by the com-
puter and the experimenter displayed her screen. When the experimenter displayed
her screen, she got confirmation from the child and the child’s guardian that they
could both see the full screen. Children were then first given a warm-up question-
naire — children were asked how much they like certain foods — to ensure that children
could see the screen, to make children feel comfortable in the online testing environ-
ment, and to familiarize children with a scale later used in a questionnaire. Children
were randomly assigned to one of the six conditions in a 2 x 3 design (Partner type:
Human or Robot; Response type: Mistaken or Apologetic or Uncooperative). The

study proceeded in two parts: the word-guessing game, then the questionnaire.
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First, children were told that they are going to play a word-guessing game with a
partner (Anne or Nao). Children were told that in the game they will see an object,
Anne/Nao will tell them that she/it thinks it is called, and then the child can make
their own guess. Then participants were introduced to the partner via video: the
partner waved, said hello and their name (Anne or Nao), and then said, “let’s play
the game”. This was done to demonstrate that the robot can move and talk on its
own, while also establishing that the partner is aware of the game being played. While
the video of the partner was still up on the screen, a button that said “next” appeared
on the screen and the experimenter repeated the instructions of the game (e.g., “I am
going to hit next and you and Nao are going to play the game, where you will see an
object, hear what Nao thinks it is called, and you will make your guess.”)

There were 8 trials in the word-guessing game. For each trial, the participant saw
a novel object, three possible novel labels, and a video of the partner on the screen.
The partner always gave the first response by saying what she/it thinks the object is
called (e.g., “I think it is a lorp”). Then there was a blue arrow that pointed to the
label the partner suggested. The participant was then given a chance to endorse the
partners’ response or pick a different label (e.g., “What about you? Do you think it is
called a blap, a lorp, or a tunk? Anne/Nao thinks it is called a lorp.”). The order of
the partner’s suggested label (left, middle, right) was predetermined by a randomized
generator and was fixed across participants (L, M, R, L, M, L, M). For trials 1-4,
if the participant picked the same label as the partner, a bell-ring noise played, and
the screen displayed a green check mark and a green arrow pointed to the label the
partner suggested. The partner responded to the outcome with encouragement (lifted
hands, saying “yay great job”). The experimenter told the child that they and the
partner guessed the right answer (e.g., “That was correct. You and Anne/Nao guessed
the lorp and that was correct.”). If the participant picked a different label, a buzzer

noise played and the screen displayed a red X mark, a green arrow pointed to the
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label that the partner suggested, and a red arrow pointed to the label that the child
picked. The partner responded to the outcome with discouragement (shaking head,
saying “oh no”). The experimenter told the child that they guessed the wrong answer,
but that the partner guessed the right answer (e.g., “That was incorrect. You guessed
the blap and that was incorrect. Anne/Nao guessed the lorp and that was correct.”).
Starting after the participant’s response on Trial 5, and continuing through Trial 8,
the feedback was reversed. If participants picked the same label as the partner, then
a buzzer noise played and the screen displayed a red X mark, a red arrow pointed
to the label that the partner suggested, and a green arrow pointed to one of the
other two labels. The experimenter told the child that they and the partner guessed
the wrong answer (e.g., “That was incorrect. You and Anne/Nao guessed the koba
and that was incorrect.”). If the participant picked a different label (either one of
the two labels that the partner did not suggest), then a bell ringing noise played
and the screen displayed a check mark, a red arrow pointed to the label that the
partner suggested, and a green arrow pointed to the label that the child picked. The
experimenter told the child that they guessed the right answer, but that the partner
guessed the wrong answer (e.g., “That was correct. You guessed the bosa and that
was correct. Anne/Nao guessed the koba and that was incorrect.”).

Critically, the partner’s response on Trials 5-8 was to her/its own incorrect answer,
rather than to the outcome, and varied by condition. In the Mistaken response
condition, the partner shook her/its head and said, “oops I made a mistake.” In
the Apologetic response condition, the partner responded the same as the Mistaken
response condition, but added an apology: the partner shook her/its head and said,
“oops I made a mistake. I am so sorry.” In the Uncooperative response condition, the
partner pointed her/its arm and said, “ha ha I told you the wrong one.”

After the word-guessing game, participants were told that they were done with

the game and were now going to answer a few questions about what they think
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about their ‘partner’ and the game they played (see full questionnaire and coding in
Appendix A). The questionnaire consisted of questions regarding the partner’s mental
capabilities (can think for herself/itself), emotions (has feelings like happy and sad),
sensations (can see and hear the things around it), friendliness (can be your friend),
epistemic knowledge (knows the answers to a lot of questions) and moral knowledge
(knows the difference between good and bad). For each question, the screen displayed
a picture of the partner, the question, and three possible answers (not at all, a little
bit, or a lot). Question order was randomized. Participants were also asked about
the partner’s ontological status (“Is Anne/Nao more like a person or a computer?”).
The screen displayed a picture of the partner, the question, a picture of a human
lady at one end of the screen and a picture of a computer at the other end, with tick
marks in between as possible answers (person a lot, person a little bit, in the middle,
computer a little bit, computer a lot).

After participants answered the questions for the partner they played with, they
were then shown the other partner (participants in the Human Partner type were
shown the robot partner, participants in the Robot Partner type were shown the
human partner). A short video of the partner played in which the partner waved and
said hello and their name. Then participants were asked the same questions about
the new partner.

At the end of the study, we investigated participants’ reasoning about the part-
ner’s inaccuracy. Participants were asked, “Remember in the word-guessing game
with Anne/Nao. In the beginning Anne/Nao told you the right answers but then
Anne/Nao started telling you the wrong answers. Why do you think Anne/Nao told

you the wrong answers?” Participants’ responses were recorded.
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Coding

In the word-guessing game, we measured participants’ endorsement of the partner
at each trial. Participants received a score of 1 if they picked the same label as the
partner and a score of 0 if they picked a different label.

For the agency questionnaire, participants’ responses to the mental, emotional,
sensory, friendliness, epistemic knowledge, and moral knowledge questions were mea-
sured in a 3-point scale coded as 0 (not at all), 1 (a little bit), and 2 (a lot). Par-
ticipants’ response to the ontological status question was measured in a 5-point scale
coded as 0 (computer a lot), 1 (computer a little bit), 2 (in the middle), 3 (person a
little bit), 4 (person a lot).

Participants’ responses to the open-ended question were categorized into any of
the following categories, not mutually exclusive. Intention: reference to the partner’s
actions as either not intentional (e.g., “it was an accident”), intentionally harmful
(e.g., “he tried to trick me”), or intentionally helpful (e.g., “she wants us to think for
ourselves”). Mechanical Property: reference to the partner’s mechanical properties
(e.g., “he’s arobot”, “it’s broken”). Competence: reference to the partner’s competence
(e.g., “she doesn’t know the answer”). Game Difficulty: reference to the game being
difficult (e.g., “the game got trickier”). Self blame: reference to the child’s role (e.g.,
“I hit the wrong bottom”). Adult learning: reference to it being an opportunity for
the adult to play and learn (e.g., “so I could figure it out myself”). Wrong answer:
restating that the partner gave the wrong answer (e.g., “because it was wrong”).
Physiology: reference to the partner’s physical state (e.g., “she was tired”). Other:
any unrelated answer (e.g., “bad”) or the child saying they don’t know. Two condition
blind coders independently categorized all explanations for each response (agreement

ks > 0.264, ps < 0.001) and any discrepancies were resolved through discussion.
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4.2.2 Results

We were interested in whether children endorsed the partner’s suggested word choices
during each phase of the game and whether this differed by the type of partner (hu-
man or robot), the partner’s response, or both. In the preregistration, we initially
planned to compare children’s responses for each trial, but we decided it would be
more beneficial to see how children’s responses change by trial as well. The follow-
ing analyses, therefore, are exploratory, but we report the preregistered analyses in
Appendix A and we summarize any notable findings in the main manuscript.

The Accuracy Phase included all endorsements prior to the partner’s first inac-
curacy, so does not include the condition-dependent responses (Trials 1-5). For the
Accuracy Phase, therefore, we ran a mixed-effects model with Endorsement as the
dependent variable, with partner type (robot or human), Trial (Trials 1-5), and age
(in years) as the independent variables, and participant ID as a random intercept.
The Inaccuracy Phase included endorsements after the first inaccuracy and through
all remaining trials, and thus included all the trials on which children had received
condition-dependent feedback of the partner’s response to her/its inaccuracy (Trials
6-8). For the Inaccuracy Phase, therefore, we ran a similar mixed-effects model as
the Accuracy Phase but included Response type (Mistaken or Apologetic or Unco-
operative) as an independent variable. For both of the models, we only included
interactions in the model if they were previously found to be significant.

Figure 4.1 shows the rates of endorsement of the partner’s word choice across the
Accuracy phase from Trials 1 to 5. On Trial 1 — after just a brief introduction and
prior to corrective feedback — the majority of children followed both the human and
robot partner’s suggested word choice (Human: 60.7%, SD = 0.49; Robot: 61.9%,
SD = 0.49; binomial ps < 0.0001). The final model for the Accuracy Phase included
partner type, Trial, and age as factors — interactions were removed from the final

model as they were initially found to be insignificant, ps > 0.080. We did not find
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a significant main effect of partner type, children trusted the human and robot at
similar rates, x?(1) = 0.38, p = .541. We found a main effect of age, (1) = 7.03, p
= .008, such that older children were less likely to endorse the partner’s word choices
than younger children, OR = 0.74, 95% CI (0.59, 0.93). Finally, we found a main
effect of Trial, x?(4) = 55.14, p < .001, such that it took two instances of accuracy for
children’s trust in the partner to significantly increase above the initial level, whether
they were human or robot: Trial 3 versus Trial 2, OR = 2.96, p = .001, 95% CI (1.64,
5.34). Trust did not differ between the other sequential Trials, ps > 0.237. Trust
remained high throughout the first half of the game (67.9% - 100%), binomial ps <
0.0001.

Fig. 4.2 shows the rates of endorsement of the partner’s word choice at Trial 5 and
during the Inaccuracy phase from Trials 6 to 8. When the partner starts giving the
wrong answer, we found that children’s trust varied by the number of inaccuracies,
the partner and response type, as well as children’s age. In general, children were still
willing to trust the partner after one instance of inaccuracy (57.1% -67.9%), Trial 6
binomial ps < 0.004. The final model for the Inaccuracy Phase included partner type,
Response Condition, Trial, and age as factors as well as two three-way interactions
between partner type, Response Condition, and age and between Response Condition,
Trial, and age — all other possible two- and three-way interactions were removed from
the final model as they were initially found to be insignificant, ps > 0.051.

Running our model, we found a main effect of age, such that younger children
trusted the partner’s word choice more than older children, x*(1) = 9.79, p = .002.
We also found a main effect of Trial, y*(2) = 43.44, p < .0001, such that children’s
endorsements significantly declined from Trial 6 to 7, OR = 0.17, p < .0001, 95% CI
(0.09, 0.36), but not from Trial 7 to Trial 8, OR = 0.44, p = .051, 95% CI (0.19, 1.00).
The percentage of children trusting the partner at Trial 7 (25% - 42.9%) and Trial

8 (17.9% - 25%) were at chance, binomial ps > 0.069, or less than chance (for the
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Figure 4.1: Example of the word-guessing game during the Accuracy Phase and partic-
ipant’s responses at each Trial (1-5), split by Partner type (Robot and Human) and age
(4-5-year-olds, 6-7-year-olds, adults). Bars represent standard error. For visualization, chil-
dren’s age is grouped categorically, but analyses involve age as a continuous variable.
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Figure 4.2: Example of the word-guessing game during the Inaccuracy Phase and par-
ticipant’s responses at each Trial (5-8), split by Partner type (Robot and Human), Re-
sponse type (Mistaken, Apologetic, and Uncooperative) and age (4-5-year-olds, 6-7-year-
olds, adults). Bars represent standard error. For visualization, children’s age is grouped
categorically, but analyses involve age as a continuous variable.
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Figure 4.3: Mean proportion of children picking the partner’s label on Trials 6-8, split by
age (4-5-year-olds and 6-7-year-olds), Response type (Mistaken, Apologetic, and Uncooper-
ative) and Partner type (Robot and Human). Bars represent standard error.
Human Uncooperative at Trial 7 (7.1%, SD = 0.26) and Trial 8 (10.7%, SD = 0.32),
binomial ps < 0.014. We did not find a main effect of partner type, x*(1) = 1.80, p =
.180, or a main effect of Response Condition, x?(2) = 4.65, p = .098. We also did not
find any significant two-way interactions within the three-way interactions included
in our model, ps > 0.337. However, children’s trust in partners who admit mistakes
diverged with age, as indicated by two three-way interactions found in the model.
First, we found a significant interaction between partner type, Response condition,
and age, x?(2) = 6.53, p = .038 (see Fig. 4.3). We looked at this interaction in two
ways: how children’s trust in each condition changed with age and how trust differed
between conditions for each age group. For the former, we ran an additional model
with the three-way interaction with age as a continuous variable; for the latter, we
ran a similar model but with age as a categorical variable (4-5-year olds and 6-7-year-
olds). All models included Trial and participant ID as random variables. Results of
the two models can be summarized as follows: We found that older children were less

trusting of a robot that makes a mistake than younger children, OR = 0.46, p = .026,
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95% CI (0.27, 0.78). Older children were also less trusting of a human that apologizes
than younger children, OR = 0.50, p = .046, 95% CI (0.30, 0.83). Furthermore, older
children were more trusting of an apologetic robot than an apologetic human, OR
= 3.34, p = .034, 95% CI (1.09, 10.20). Together, these findings suggest that by
school age, children are more skeptical of unintentional mistakes made by a robot,
but apologies mitigate this effect.

Second, we found a significant interaction between Response condition, Trial, and
age, x2(2) = 15.62, p = .004. Running this additional model, we investigated the
differences in children’s endorsement by age at each Trial for each Response type,
averaged over partner types. At Trial 6, older children were less likely to endorse
a Mistaken partner’s word choices than younger children, OR = 0.33, p = .029,
95% CI (0.15, 0.69). We did not find a significant difference in age at Trial 6 for
the other Response conditions or at the other trials for any Response condition,
ps > 0.073. This demonstrates that the above finding — that older children are
less forgiving than younger children of mistakes — takes effect immediately, after
just one instance in accuracy without apology. Furthermore, supplemental analyses
exploring differences at each Trial (see Appendix A) suggest that children across the
age range distinguished between intentional and unintentional inaccuracies, preferring
to trust partners whose errors were clearly unintentional. Specifically, children in the
Uncooperative conditions were less likely to trust the partner at Trial 7 than children
in the Mistaken, OR = 0.29, p = .028, or Apologetic Conditions, OR = 0.30, p =
.033 (see Appendix A for full model results). This aligns with children’s open-ended
judgments, such that children who played the game with the Uncooperative partner
were more likely to say that the partner had harmful intentions than children in the
Mistaken or Apologetic conditions (see Appendix A).

Results for children’s responses to the agency questions are reported in Appendix

A, but we give a brief summary of the findings here. In general, children thought
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that the human partner was more like a person than the robot. In line with prior
work [77], younger children said that the robot was more like a person than older
children. Younger children also said that the robot could have feelings and could
think for itself more than older children. Unlike prior work [37], we did not find
an influence of children’s belief that the robot had psychological agency (e.g., could
think, know the difference between good and bad) on children’s overall trust in the
robot. However, we did find that children’s belief that the robot knows the answers

to a lot of questions increased their overall trust in the robot.

4.2.3 Discussion

Children in the modern world are surrounded by technologies, particularly in their
education. It is critical, therefore, to investigate whether children are trusting of tech-
nologies and whether trust can be maintained when the technologies are inaccurate.
In this study, we found that 4-7-year-old children are inclined to trust their partner,
human or robot, when learning new words, even though children had no prior in-
formation on their partner’s competency ([107| for a perspective on young children’s
default bias to trust). Naturally, children’s trust increased as they saw more instances
of the partner being accurate [101, 132, 133, 240|. When the partner was inaccurate,
however, children were sensitive to whether the error was intentional or accidental.
Notably, both when the partner was accurate or intentionally inaccurate, children’s
trust did not differ between the human or robot partner, suggesting that children
expect robots to be helpful and accurate teachers just like humans. However, when
robots made accidental errors, we found that children’s trust differed with age. The
age-related differences highlight the different ways educational technologies are used
in early childhood. In general, we found that older children were less trusting of their
partner throughout the entire game, even when the partner was accurate. Consid-

ering that children were not given any prior information about their partner before
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the game, it may be that younger children are inclined to trust unfamiliar partners
[107] while older children may require more information about their partner before
deciding to trust. Similarly, the role of anchoring [18], the tendency to rely on the
first piece of information encountered when making a decision, may play a role here,
with the robot’s initial correct advice influencing younger and older children differ-
ently. It would be beneficial for work to explore this possibility more directly, as this
is relevant to the way children are engaging with educational technologies in their
everyday lives: children are often introduced to technologies with little information
about the technologies’ competence or source of knowledge.

The change in age could also be related to differences in how children engage with
educational programs. In preschool, children may use robots and other technology
mainly for fun, not for the explicit goal of learning [231]. As children transition to for-
mal education, they are expected to master foundational skills, such as reading words.
As such, children at this age are being evaluated on their academic performance and
are increasingly aware of, and sensitive to, their own and others’ academic competen-
cies |26, 227, 247|. Older children in our study, therefore, likely took the game more
seriously as part of their learning and academic performing. This expectation could
have made children more restrictive regarding who they trusted.

Furthermore, and most notably, older children were sensitive to the robot’s re-
sponse to the unintentional inaccuracy while younger children seemed to judge the
robot’s and the human’s response similarly. Specifically, older children were more
forgiving of a robot that apologizes for its mistake than a human who gives the same
apology. An apology from a person can indicate two things: a genuine feeling of
remorse or following a social norm. We expect people to apologize after a trans-
gression, so older children may have viewed the human’s apology as conforming to
norm rather than as sincere [237, 272|. However, we may not expect a machine-like

robot to apologize or even be aware of the social norms of apologies. For this reason,
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older children may have viewed an apology from the robot as a sincere expression of
remorse, and perhaps even a promise to not make the same mistake again.

The developmental changes in children’s trust of a robot partner call to question
how adults would respond. Adults are also using technologies in their daily lives, but
are less likely to view technologies as agents than children |76, 110, 215|. Furthermore,
adults likely use technologies to build upon their existing knowledge (e.g., asking
ChatGPT to write an email), rather than using technologies to teach the foundations
of their knowledge (e. g., learning new words). For each of these reasons, we may see
adults trusting technologies differently than the children in our study. We may also
see adults responding differently to the robot’s accidental, remorseful, or intentional
errors, as following prior work [127, 152, 284]. In the following study, therefore, we
investigated adults’ trust of a human or robot partner in the same word-learning game

as Study 1.

4.3 Study 2

4.3.1 Methods

The study was approved by a university Institutional Review Board. The deidentified
data set, analysis code, and preregistration for the study are available on the project’s

OSF page at https://osf.io/n4d23/.

Participants

The final sample consisted of 168 adults (Mg = 33.8, SDyge = 11.79, 52% females)
recruited from Prolific. There were 28 adults in each condition. Of those that re-
ported, 65% adults were White, 5% were Bi- or Multi-racial, 10% were Asian, 8%
were Black/African American, 10% were Hispanic/Latino, 1% was Middle Eastern,

and 1% was American Indian. Half of the adults held a college degree or above (57%)
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and had a household income of $50,000 or above (52%). The same number was de-
termined to match Study 1, but we also conducted a sensitivity power analysis using
G*Power and found that 168 participants with a significance criterion of « = 0.05 and
power = 0.80 would result in a medium effect size (0.24) for an ANCOVA statistical

test (number of groups = 6, numerator degrees of freedom = 2).

Materials

The materials used for Study 2 were identical to Study 1.

Procedure

The study was done online in which approved Prolific participants were given a link
to the word-guessing game and completed the study unmoderated. Participants were
randomly assigned to one of the six conditions in a 2 x 3 design (Partner type:
Human or Robot; Response type: Mistaken or Apologetic or Uncooperative). The
study proceeded in two parts identical to Study 1: the word-guessing game, then
the questionnaire. Since adults’ participation was unmoderated, additional items
and controls were added to the study to ensure that adults were following the study
correctly and paying attention.

Specifically, adults had to make the game at full screen before they could partic-
ipate, video and audio checks were given in the beginning of the study (e.g., adults
had to describe video and audio clips), instructions and feedback (matching the exact
language the experimenter gave in Study 1) were written at the top of the screen,
attention check questions were included throughout (e.g., “Click not at all for this
question”), and videos would not play if adults were active on a different window or

application on their computer.
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Coding

Coding for the word-guessing game and questionnaire in Study 2 was identical to
Study 1. For the open-ended question, we removed the category referencing the
physiology because no adults gave this explanation. We also included a category for
references to intentionally neutral (e.g., “he wanted me to stop trusting him”) and
study design (e.g., “to test if we would still trust the robot”). Two condition blind
coders independently categorized all explanations for each response (agreement ks >

0.334, ps < 0.001) and any discrepancies were resolved through discussion.

4.3.2 Results

We were interested in whether adults endorsed the partner’s suggested word choices
during each phase of the game and whether this differed by the type of partner (human
or robot), the partner’s response, or both. In the preregistration, we initially planned
to compare adults’ responses for each trial, but we decided it would be more beneficial
to see how adults’ responses change by trial as well. The following analyses, therefore,
are exploratory, but we report the preregistered analyses in Appendix A, and we
summarize any notable findings in the main manuscript. The following analyses in
the main manuscript were the same as Study 1.

Fig. 4.1 shows the rates of adult’s endorsement of the partner’s word choice
across the Accuracy phase from Trials 1 to 5. Similar to children, initial rates of
endorsements were above chance for both human (82.1%, SD = 0.39) and robot
(79.8%, SD = 0.40), binomial ps < 0.0001. The final model for the Accuracy Phase
included partner type and Trial as factors — the two-way interaction was removed
from the final model as it was initially found to be insignificant, p = .660. We did not
find a main effect of Partner type, x*(1) = 0.03, p = .868, demonstrating that adults,
like children, trusted both accurate partners at high rates. We found a main effect of

Trial, x?(4) = 31.63, p < .001, such that there was a significant increase in endorsing
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the partners’ label after one instance of accuracy: Trial 2 versus Trial 1, OR = 2.50,
p = .047, 95% CI (1.23, 5.10). Trust did not differ between other sequential trials,
ps > 0.481 and remained high throughout the first half of the game (86.9% - 100%),
binomial ps < 0.0001.

Fig. 4.2 shows the rates of adult’s endorsement of the partner’s word choice at
Trial 5 and across the Inaccuracy phase from Trial 6 to 8. Adults were even willing to
maintain trust after one instance of inaccuracy: adults endorsed the partner’s label
at high rates at Trial 6 (75% - 96.4%), binomial ps < 0.0001. The final model for the
Inaccuracy Phase included partner type, Response Condition, and Trial as factors —
all two and three-way interactions were removed from the final model as they were
initially found to be insignificant, ps > 0.335. We found a main effect of Trial, x?(2)
= 60.24, p < .001, such that adults’ endorsements significantly declined from Trial 6
to 7, OR = 0.12, p < .001, 95% CI (0.05, 0.26), but not from Trial 7 to Trial 8, OR =
0.60, p = .142, 95% CI (0.50, 1.11). However, looking at our chance comparisons, we
never saw a majority of adults mistrust the partner: some adults were still trusting
the partner at Trial 7 (39.3% - 50%) and Trial 8 (32.1% - 46.4%), binomial ps >
0.069, and a majority of adults were trusting the Human Uncooperative (53.6%, SD
= 0.51) and Robot Apologetic (64.3%, SD = 0.49) conditions at Trial 7, binomial ps
< 0.026. We did not find a main effect of partner type, x*(1) = 0.12, p = .730, or
Response Condition, x?(2) = 2.88, p = .238. Unlike Study 1, even when the partner
was intentionally inaccurate, adults trust maintained similarly to the unintentional
partners at each trial in the Inaccuracy Phase (see Appendix A). This is interesting
considering that adults viewed the uncooperative partner as having malicious intent
(see Appendix A).

In an exploratory analysis, we were interested in how adults compared to children.
To do this, we created a score of change in trust: first, we created a proportion of

trust for the Accuracy Phase (Trials 1-5; e.g., 4/5 = 0.80) and a proportion of trust
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for the Inaccuracy Phase (Trials 6-8; e.g., 1/3 = 0.33). Next, we subtracted the
proportion of trust in the Inaccuracy Phase from the Accuracy Phase (e.g., 0.33-0.80
= -0.47). A higher negative score indicates a greater loss of trust. We ran a General
Linear Model with the change of trust score as the dependent variable and age group
(4-5-year-olds, 6-7-year-olds, and adults), Response Type, and Partner Type as the
independent variables. We found a main effect of age group, F(2, 330) = 3.85, p =
022, nf, = 0.02.

Specifically, adults maintained more trust in the partner (M = - 0.33, SD = 0.33)
than 6-7-year-olds (M = -0.45, SD = 0.31), ¢(330) = 2.77, p = .016, d = 0.31,
95% CI (0.09, 0.52). Preschool-aged children did not differ between either 6-7-year-
olds or adults, ps > 0.220. This finding further highlights the nuance of educational
technologies for early elementary aged children: an age at which they are presumably
using educational technologies more than adults, and yet are less trusting of such
technologies than adults.

Results for adults’ responses to the agency questions are reported in Appendix
A, but we give a brief summary of the findings here. Adults thought the human
partner had more agentic capabilities than the robot partner and thought the human
partner was more humanlike than the robot. Looking at adults’ judgments of the
robot only, we found that adults’ belief that the robot had psychological agency (e.g.,
can think, know good from bad) and that the robot was more human-like decreased
adults’ overall trust in the robot. Furthermore, when comparing adults’ responses
to children’s, we found that adult viewed the robot partner as less human-like than
children. This suggests that even though adults did not view the robot as an agentic

being, they still maintained trust in it as they do for humans.
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4.3.3 Discussion

In this study, we investigated whether adults would trust technologies in a word-
learning game and whether trust can be maintained once the technologies provide
inaccurate information. In general, we found that adults were quick to trust their
partner, and this is maintained even when the partner shows that it can be inaccu-
rate. Furthermore, adults’ trust did not depend on the partner type or whether the
partner’s inaccuracy was intentional or accidental. Finally, adults trusted the robot
despite reporting that they did not view it has having as much agency as children.
These findings are interesting, considering the differences we found in Study 1 and
even prior work has found that adults are sensitive to the partner type and response in
their trust in technologies [127, 152, 284]. In these prior studies, however, adults had
to trust technologies in more adult-like settings (e.g., investments, driving, service),
leading to questions of comparability with our work. It is worth noting, however, that
recent work with adults and children participating in selective trust experiments has
found that adults maintain trust in human informants longer than children [222].
Furthermore, in serious scenarios involving robots as informants, such as when
adults have to follow a robot in an emergency evacuation, studies show that trust is
maintained despite errors [218|. Taking this research along with our own findings raise
serious questions as to under what circumstances will adults overtrust technologies

to a fault.

4.4 General Discussion

Children and adults are getting a vast amount of their information from technologies.
Particularly in education, we are seeing more and more agentic technologies that are
designed to teach and collaborate with young children 34, 102, 190]. The engagement

with technologies, from both children and adults, has also increased exponentially in
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light of the recent COVID-19 pandemic. Therefore, it is critical to investigate how
young children and adults are engaging with these technological agents in a learning
environment. In this project, we explored whether 4-7-year-old children and adults
would trust either a human or robot partner in a word-guessing game. Critically,
halfway through the game, the partner started giving the wrong answers, either acci-
dentally, remorsefully, or intentionally, and we measured how this inaccuracy changed
children’s and adults’ trust. In general, we found that children and adults were quick
to trust a technological agent and maintained trust in the agent after one instance of
inaccuracy. However, children lost trust in a partner that was intentionally inaccu-
rate, while adults did not seem to distinguish between intentional and unintentional
errors. Notably, school-aged children (6-7-year-olds) were overall less trusting than
adults and, in comparison to preschoolers (4-5-year-olds), were more sensitive to the
robot’s remorseful response to the unintentional inaccuracy. This finding in partic-
ular highlights the different goals and expectations adults and children have when
engaging with technologies.

The basis of trust is formed through our goals and experiences with others. We
establish collaborative partnership with others when they share the same goals or
intentions as ourselves [97, 243, 261|. We also incorporate our experiences with people
when deciding who or when to trust in various contexts [101, 240]. Notably, these
goals and experiences can change across development. In our study, we uncovered
a U-shaped pattern in the effects of age on trust in technological agents, such that
preschoolers and adults were more trusting of an inaccurate partner than 6-7-year-
olds. We take these findings to highlight the influence of adults’ and young children’s
different goals and experiences on their trust in technological agents, as we discuss
below.

Commonly, young children’s selective trust is viewed as “adult-like”, but we found

that adults were not selective in their trust in our study. Instead, adults maintained
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trust in their partner, even when the partner was intentionally inaccurate. Recent
work by [222] similarly found that adults were slower to lose trust in an inaccurate
informant compared to 4-7-year-old children. They speculated that adults’ gradual
distrust compared to children could be because adults have more experiences with
others — people are rarely ever repeatedly correct or repeatedly incorrect but are
instead inconsistent in their accuracy. This could also be the case for adults’ rich
experiences with technologies, such that adults in our study did not think that a few
wrong answers meant that their technological partner would now only be inaccurate.
This work, therefore, highlights the importance of taking a developmental approach
in investigating our engagement with technologies, and broadly opens the question as
to what it means for our trust to be “adult-like”.

The similarities and differences between preschoolers’ and elementary-aged chil-
dren’s trust in their partner suggest that young children’s experiences and goals with
technologies differ between ages. Specifically, preschoolers are likely using technolo-
gies more as a source of entertainment than information [90, 231], so their goal may
have been more focused on playing, rather than learning. This is likely why the un-
cooperative response type was the only condition in which there were no changes in
age: the uncooperative partner was essentially refusing to play with the child as well
as refusing to help the child learn.

Finally, early elementary aged children are increasingly aware of the informative
nature of technologies [89, 90| in addition to being more selective in their trust as
they get older [107, 171, 184|. Taken together, this is likely why we found that 6-7-
year-olds were more sensitive to who the partner was and what the partner said when
deciding if they should maintain trust in the partner. For example, an apology from a
partner that seems like a machine is an unexpected social cue that older children seem
to prefer. Using educational technologies, therefore, is not one size fits all. Instead,

we need to be mindful of who these technologies are designed for in order for these
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technologies to be the most beneficial and engaging for children.

The difference in children’s and adults’ goals and experiences with educational
technologies is also evident in how children and adults viewed their robot partner.
For example, children’s trust in the robot was tied to their belief that the robot
was a knowledgeable agent. This finding calls to question if other features of the
robot are important to children’s trust, and if this changes with age with respect to
their goals (e.g., more emphasis on entertainment capacities for younger children, but
more emphasis on teaching capacities for older children). In contrast, adults’ trust
in the robot was tied to their belief that the robot was a machine-like object. These
findings suggest that adults may prefer educational technologies to be like sources of
online information that they are already familiar with (e.g., the internet; see [273]),
while children may require their technologies to be more like human informants (e.g.,
demonstrating their knowledge, apologizing for their mistakes).

Our project presents new avenues for research on engagement with educational
technologies. For example, there are various types of educational technologies (e.g.,
eBooks, smart speakers, chatbots) that have different features than the humanoid
robot used in our studies. Considering that children and adults are engaging with
these different forms of educational technologies, it would be fruitful to explore peo-
ple’s responses to various types of mistaken technologies. Furthermore, the game
in our studies only involved word learning, but prior work has demonstrated that
children trust technologies differently for different domains (e.g., personal knowledge,
moral knowledge, [56, 89]). It is likely, therefore, that children and adults may re-
spond to a robot’s mistake differently in other domains.

The word-guessing game in our studies was designed to mirror the type of ed-
ucational games children are playing with already. However, in our study, children
and adults only played the game once for a short amount of time (approximately

10 min), while, in the real world, people are playing with educational technologies
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over extended periods of time and over multiple days. The more experiences children
and adults get in these technological spaces likely influences their trust, as there are
more instances of the partner being accurate and inaccurate for various reasons. It
is unclear, therefore, how children and adults would respond to a mistaken robot if
they had more experience with the robot, via a familiarization phase used in prior
work (e.g., [131]) or a longitudinal design.

The word guessing game was also entirely online, to best reflect the types of learn-
ing activities children were engaging with during the COVID-19 pandemic. However,
the online format does present some limitations. For example, it is unclear if children
and adults thought the partner was interacting with them in real-time or in a prede-
termined way, which might have influenced how they viewed the partner’s response
to inaccuracy. Furthermore, while we took steps to ensure that adults were paying
attention and following the game in Study 2 without an experimenter present, the
unmoderated method does leave open questions regarding adults’ level of engagement
compared to children in Study 1. It also remains an open question if children’s and
adults’ responses in an online study would differ in an in-person study environment, as
the current literature has found that children’s responses are consistent across study
environments for some tasks [229], but not others [150].

Finally, it is unclear whether our findings are generalizable to the greater global
population. The majority of children and adults who participated in the study were
White and were in high-income, educated households. Furthermore, all of the par-
ticipants in this study had access to computers in their home. The children in the
study were also comfortable using Zoom. Since the children and adults were already
familiar with using technologies, they may have been quicker to trust educational
technologies than people who have had little or no experience with technologies. We
cannot assume, therefore, that engagement with technologies will be the same for

everyone. Instead, research should explore how different individual factors (e.g., race,
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education, technology experience) play a role in our trust of technologies.

We will continue to get our information about the world from technologies. For
children, this will particularly be part of their education: whether technologies are
used as an additional learning activity, as part of a school’s curriculum, or even as
the primary teacher. In order to have these technologies benefit children’s education
and development, we must investigate all the scenarios in which children could en-
gage with technologies, even when the technologies make mistakes. Our results in
particular uncover the ways in which young children are engaging with educational
technologies in the real world. For example, we found that children of all ages are
aware of an uncooperative agent’s harmful intentions and, thus, do not maintain trust
in uncooperative agents. The technologies in children’s daily lives, however, do not
typically have harmful intentions. Instead, these mistakes are accidental, but how
children respond to these accidents depend on their age. Specifically, we found that
preschoolers, compared to older children, are more trusting of technological agents,
even when the agents are unintentionally inaccurate. For children in formal educa-
tion, however, these educational games are taken more seriously, and so older children
may be incorporating their different expectations of agents (either human or robot)
and mistakes (whether an apology is given or not) when deciding whether to main-
tain trust in an inaccurate technology. Together, this research presents important

implications for technology design and education in young children’s development.

4.5 Summary

In summary, this chapter investigated the effects of age on people’s trust in a robot
that committed successive failures. In a pair of 2x3 between-subjects studies, school-
aged children between the ages of 4 and 7 years old (N =168) and adults (N =168),

played a collaborative word-guessing game with either a human or robot partner,
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that gave wrong advice on certain objects. We found that older children, between
the ages of 6 and 7, were less trusting of their partner after it failed than adults
and than younger children, between the ages of 4 and 5. Additionally, older children
maintained their trust in a robot that apologized for a longer time period than they
did in a human that apologized, which was a trend that we did not find with younger
children. Together, these findings provide insights into how people’s age and their
partner’s responses to failure can significantly affect peoples’ trust throughout an
interaction. In turn, extra consideration must be taken when designing robots that
interact with children, as they may trust failing robots differently, based on their age.

While this chapter primarily focused on how robot failures affect people’s trust,
there are robot failures that have consequences far beyond social outcomes. In the
next chapter, we turn to the moral dimension of robot failure, investigating how a

physical transgression causing harm affects users’ moral judgments towards the robot.
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Chapter 5

The Moral Dimension: Humans’
Moral Judgments of A Robot

Causing Physical Harm

In the previous chapter, we broadened our understanding of the effects of robot failures
in the social dimension, by investigating how peoples’ trust in a robot is influenced
by age. In this chapter, we turn our focus to the moral dimension. We examine
people’s moral judgments of a robot after witnessing it commit a physical transgres-

sion towards a human.!

This context is used for investigating the moral dimension
because it is centered on how people evaluate the robot’s morality after it commits
a moral transgression. We performed an online, between-subjects study in which we
manipulated the type of transgressor (human or robot) and type of backstory depict-
ing the transgressor’s mental capabilities (default, physio-emotional, socio-emotional,

or cognitive). Participants (N=720) were first introduced to the transgressor and

its backstory, and then viewed a video of a real-life robot or human pushing down

'Portions of this chapter were originally published as: Nicholas C. Georgiou*, Teresa
Flanagan®, Brian Scassellati, Tamar Kushnir. (2025). Perceived Morality of Robot and Human
Transgressors Varies by Perceived Ability to Feel. In 20th ACM/IEEFE International Conference on
Human-Robot Interaction (HRI), Melbourne, Australia, 2025, pp. 919-928.

81



a human. Although participants attributed similarly high intent to both the robot
and the human, the human was generally perceived to have higher morality than the
robot. However, the backstory that was told about the transgressors’ capabilities
affected their perceived morality. We found that robots with emotional backstories
(i.e., physio-emotional or socio-emotional) had higher perceived moral knowledge,
emotional knowledge, and desire than other robots. We also found that humans with
cognitive backstories were perceived with less emotional and moral knowledge than
other humans. Our findings have consequences for robot ethics and robot design for

HRI

5.1 Introduction

Artificial intelligence (AI) and robotics are becoming more involved in our lives than
ever. As a result, it is inevitable that people will experience these technologies doing
something that they deem to be unacceptable or wrong. Whether these violations are
in the form of hardware or software failures that require a system reboot, inaccurate
responses to a question that lead to the spread of misinformation, or transgressions
that cause physical or emotional harm, it is imperative to investigate how these
undesired behaviors affect humans’ perceptions of the technology.

Robot mistakes and failures have been explored in HRI research, but mostly
through the lens of minimizing or recovering lost trust in the robot [104, 286, 75,
170, 51, 285|. As robots and Al are placed into high-stakes, serious roles in which
their actions can lead to real harm (e.g., healthcare robots), questions of moral and
legal responsibility when the technology does something wrong are becoming a topic
of great debate[161, 92|. An important piece of these discussions is understanding
how users, and society as a whole, perceive the technology’s moral status or standing,

and what factors may influence these perceptions.
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Figure 5.1: The between-subjects study was centered on a video depicting a physical
transgression (i.e., pushing down a human) committed by either a a) robot or b) human.
Along with the human or robot condition, there were also conditions based on what mental
capability backstory was highlighted about the transgressor (default vs. socio-emotional vs
physio-emotional vs. cognitive) when they were first introduced to the participant.

In this chapter, we explore the effects of different backstories on people’s moral
judgments of a robot (or human) transgressor. We performed an online, between-
subjects user study in which participants watched a video of either a human or a
robot extend their arms to push down a human until they fell off the screen, snippets
of which can be seen in Fig. 5.1 and in Fig. 5.2. Prior to viewing this transgres-
sion, participants read a backstory about the agent’s mental capabilities that either
highlighted the agent’s physio-emotional, socio-emotional, or cognitive capabilities,

or none at all. We found that the type of transgressor and the type of backstory can
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affect people’s moral judgments of the transgressor.

5.2 Related Work

The construct of morality largely involves notions of right and wrong, although there
is not a singular, universal definition. One consistent component of morality involves
responsibility, or whether an entity deserves punishment or blame for their actions
[161, 92, 134, 28, 113, 153, 159, 117, 79, 194, 23|. Other components involved with
morality include situational awareness (e.g., moral or emotional knowledge), inten-
tionality, desire, and free will |28, 193, 79]. Together, these components play a role
in an entity’s perceived moral status.

The ways in which we perceive others’ minds has been argued to play a role
in our moral judgments [94]. Weisman et al. propose that our mental perceptions
of others include three dimensions [279]: their capability to cognitively experience
(e.g., thinking, reasoning), physically experience (e.g., getting hurt, feeling tired),
and socially experience (e.g., feeling love, feeling shame). Recent work has shown
that we are willing to attribute (some of) these mental experiences to non-human
agents, including robots [95, 275, 215|. This leads to questions regarding under what
circumstances we perceive and attribute morality to robots [31, 148, 78, 276|.

People do consider robots as moral agents in certain scenarios (269, 113, 19|,
although robots are not necessarily expected to treat moral decision-making in the
same ways as humans [175]. People’s perceptions of robot morality can be influenced
by a variety of factors, including the robot’s perceived autonomy [81], transparency
[126], appearance [146, 176, 147, and affective capability [27, 199, 153].

Work that explores how people perceive a robot committing a physical transgres-
sion remains understudied. In a study most similar to our design, mental perceptions

of a transgressor were measured [253|, without a main focus on the perceived morality
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of the transgressor. Other work has found that participants will judge a robot to have
free will if the robot is described as having conscious experiences, but it is unclear
whether that is driven by a specific dimension of mental experience (e.g., cognitive
or social) [193].

Lastly, prior work has highlighted the power of framing and backstories in different
contexts in HRI [219, 220, 138, 270, 201, 254, 57, 202, 10, 139]. The way in which
a robot is introduced to a user can significantly influence how humans eventually
perceive the robot (whether it be how much people empathize, trust, or learn with
the robot). Our work adds to this literature by exploring how different backstories
about a robot’s mental capabilities can affect perceived factors of the robot’s morality.

These prior works lead us to our research questions: How do different mental
perception backstories affect the perceived morality of a transgressor? Particularly,
how does a story about a robot transgressor’s mind affect perceptions of the robot’s

morality?

5.3 Methods

To investigate our research questions, we designed an online, between subjects study.
In this section, we describe the participants that took part in the study, the materials
used to ensure that participants were engaged in the online study, the conditions
of our experiment, the experimental procedure, and the survey measures that we
collected. All participants provided consent to participate in the study and received
$2.00 as compensation for participation. The study was reviewed and approved by the
university’s Institutional Review Board. The study took approximately 7 minutes.

The study design, number of participants, and expected analyses were preregistered.
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5.3.1 Participants

The final sample consisted of 720 U.S. participants (Myge = 37.27, SD,45 = 13.26)
recruited from an online data participation website, Prolific [205]. There were 353
females, 346 males, 17 non-binary, 1 other, and 3 preferred not to say. Of those that
reported, 482 participants were White, 75 were Bi- or Multi-Racial, 62 were Asian, 54
were Black, 33 were Hispanic or Latino, and 1 was Native Hawaiian or Pacific Islander.
Of those that reported, the majority of participants were college-educated (63% had
a college degree or higher) and had a medium-to-high household income (62% had an
income of $50k or higher). Fifty-three additional participants were excluded due to

failing attention checks, incoherent responses, or technical issues.

5.3.2 Materials

The study was conducted on the online survey platform, Qualtrics [1]. Since the study
was done entirely online, we enacted additional controls and measures to ensure that
participants were paying attention. Specifically, participants were first instructed to
watch and then to describe a video of a non-humanoid robot moving around a room
to ensure that participants were able to watch videos on their device. Throughout
the study, participants could only advance to the next page or next question after
a specific amount of time passed to encourage attention to each item. There were
several control questions throughout the study (e.g., telling participants to answer a
question by selecting “definitely yes”; telling participants to describe the video of the
transgression). Participants were excluded from the final sample and analysis if they
described the video(s) incorrectly, reported technical issues, and/or failed any of the

control questions.
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5.3.3 Conditions

Participants were randomly assigned to one of 16 conditions in a 2 (Transgressor:
Human, Robot) x 4 (Story Info: Default, Physio-Emotional, Socio-Emotional, Cog-
nitive) x 2 (Mental Perception Survey Placement: Beginning, End) design.

The Transgressor condition was defined by whether the agent that was com-
mitting the moral transgression was a human or a robot. The moral transgression
involved the transgressor pushing down a human named Bob. The reasoning for the
selected transgression was that it was an obvious, physical harm, which is almost
universally considered as morally wrong. We matched the behaviors and expressions
of the human transgressor to the robot, as much as possible.

The robot transgressor that we used for this experiment was a Baxter robot [73].
The robot is a 6-foot, industrial robot with a face, two arms, and body. The robot’s
arms and body are mechanical. We displayed blinking eyes and eyebrows on the
robot’s screen to signify a face.

The human transgressor was an adult male, around 6-foot tall. The human was
told to keep an expressionless look. The human that was pushed by both the robot
and human transgressors was a 6-foot male, that kept his actions as similar as possible
between the two videos.

The Story Info conditions were defined by the backstory that was provided to
the participant about the transgressor’s mental capabilities. The backstory either
introduced the transgressor as having physio-emotional (e.g., getting hungry, feeling
pain), socio-emotional (e.g., feeling love, experiencing guilt), cognitive capabilities
(e.g., remembering, figuring out how to do things), or did not describe any of the
above (i.e., default). The stories are directly motivated by the three fundamental
components of mental life presented in Weisman’s framework [279]. A detailed de-
scription of each story that was provided for the four conditions can be found in Table

5.1.
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The Mental Perception Survey Placement conditions varied by when the
Mental Perception Survey was provided to the participant. To make sure that the
mental perception questions did not influence the Moral Judgment responses, we
counterbalanced the order in which they were presented, either before or after the
participants saw the transgressor push Bob.

For this paper, we focus on the Transgressor and Story Info conditions because

our main focus is how morality is impacted by these two independent variables.

5.3.4 Procedure

1. Introduction Phase: Depending on the Transgressor and Story Info condition,

the participant was told a story, which can be viewed in Table 5.1.

2. Transgression Phase: Participants were told that they were going to watch
a video of Baxter and someone else named Bob. Participants were shown a
picture of Baxter and Bob with a description indicating each (they were told
that Baxter was to the left and Bob was to the right). Then, participants
watched an 8-second video of Baxter and Bob. In the video, Baxter first looks
to the left, right, and forward, and then Baxter extends its, or his, arms and
pushes Bob to the ground (see Figure 5.1). Bob is shown falling downward off
the screen as a result of the push. The video ends with Baxter standing alone in
the screen with its, or his, hands extended. After the video, participants were

asked to describe what they saw.

3. Moral Judgments Phase: Participants were prompted to respond to a series of

questions related to morality, see Section 5.3.5, Moral Judgments Questionnaire.

A Mental Perception Survey (see Section 5.3.5) was also presented to participants.
The order in which this survey was presented was counterbalanced between partic-

ipants. Half were shown the survey immediately after the agent and its story were
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Table 5.1: Story Condition and Description

Description

Default

Imagine in the future there is a [robot|human| named
Baxter.

Physio-
Emotional

.. who has emotional and physical experiences just like
[human beings|other people|. For example, Baxter can
get hungry, feel tired, experience pain, and feel scared.
The other day, Baxter was feeling tired in the morning,
so he didn’t have breakfast. Baxter got really hungry in
the afternoon and was scared that he would be in a lot
of pain if he did not eat lunch.

Socio-
Emotional

.. who has social relationships just like [human beings
lother people|. For example, Baxter can feel love, get
embarrassed, feel guilty, and understand how others are
feeling. The other day, Baxter felt guilty for not telling
his friend his true feelings because he was embarrassed.
But after talking with his friend, he understood how his
friend felt about him, so he told her that he loved her.

Cognitive

.. who has a mind just like [human beings|other people].
For example, Baxter can think about things, remember
things, figure out how to do things, and sense when
things are far away. The other day, Baxter saw a complex
puzzle across the room and thought about puzzles. Baxter
remembered the formula to solve a similar puzzle and
was able to figure out how to solve this new one.

introduced in the Introduction Phase, while the other half were shown the survey

after the Moral Judgments Phase.

5.3.5 Measures

Moral Judgments Questionnaire

Participants completed a questionnaire consisting of questions about different aspects

of morality. Each of these questions were drawn from prior literature [161, 92, 28, 134,

15, 194, 23, 193, 94, 215, 113, 81, 126, 153, 77, 159|. The first seven questions were

presented in a randomized order using a 4-point scale: definitely no, somewhat no,

somewhat yes, definitely yes. The questions included Intent (“Did Baxter try to push

90



Bob?"), Desire (“Did Baxter want to push Bob?”), Punishment (“Should Baxter be
punished for pushing Bob?”), Mean Personality (“Is Baxter mean?”), Moral Knowledge
(“Does Baxter know that it is wrong to harm people like Bob?”), Emotional Knowledge
(“Does Baxter know how Bob feels, like when Bob is happy or sad?”), and Care (“Does
Baxter care about how Bob feels?”).

After the questions above, participants were asked two binary questions about
Choice (“Did Baxter have to push Bob or could Baxter have chosen to do something
else?”) and Feelings (“Did Baxter have feelings about pushing Bob?”).

Participants were told to explain their Choice answer in a free response. Addi-
tionally, if participants indicated that Baxter had feelings, they were asked to explain
what they thought Baxter felt. Finally, participants were asked to explain the vic-
tim’s emotions (“How do you think Bob felt about being pushed by Baxter?”) in a

free response.

Mental Perception Survey

Participants completed a mental perception survey about Baxter about each dimen-
sion of mental life. The questionnaire consisted of 12 total questions: four questions
relating to the agent’s physio-emotions (e.g., hunger, pain, tiredness, feelings); four
questions relating to the agent’s social-emotions (e.g., guilt, embarrassment, love,
anger); and four questions relating to the agent’s cognitive abilities (e.g., thinking,
sensation, remembering, and figuring out how to do things). The dimensions and
questions are directly motivated by Weisman’s mental perception framework [279].
The full list of questions were presented in a randomized order and participants were
asked to respond to each question using a 4-point scale: definitely no, somewhat no,
somewhat yes, definitely yes.

The questions that were asked about the transgressor’s physio-emotions were di-

rectly related to the physio-emotional story, the questions asked about the trans-
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gressor’s social-emotions were directly related to the socio-emotional story, and the
questions about the transgressor’s cognitive abilities were directly related to the cog-

nitive story. The questions served as a manipulation check for each story condition.

5.4 Results

We first present the results for our manipulation checks, which were a part of the
Mental Perception Survey. Next, we discuss the results for the Moral Judgments
Questionnaire. In our results and discussion, we focus on the Intent, Punishment,
Moral Knowledge, Emotional Knowledge, Desire, and Choice measures because these
are most directly linked to morality and moral responsibility. For each of these ques-
tions, we ran two-way ANOVASs to investigate the main effects and interaction effect
of transgressor type and story on the question response. For our binary measure (i.e.,
Choice), we ran a Nominal Logistic Regression Model, instead of a two-way ANOVA.

If there were significant interaction effects, we performed a simple effects analysis
to investigate the effect of story within the robot and human transgressors, using
Student t-tests (or Odds Ratios Test for Choice) and employed Bonferroni corrections
for multiple pairwise comparisons (p = 0.05/6 = 0.0083, for human and for robot).
We also compared each robot-story pair with each human-story pair, a total of 16
pairwise comparisons per survey item (4 robot-story combinations compared with 4
human-story combinations). For these tests, we performed a Bonferroni correction
and used p = 0.05/16 = 0.0031.

If there was not a significant interaction effect, we looked at any significant main
effects of transgressor type or story. For main effects of story, we performed a simple
effects analysis, using Student t-tests (or Odds Ratios Test for Choice) and employed
Bonferroni corrections for multiple pairwise comparisons (p = 0.05/6 = 0.0083).

Since we were particularly interested in how story influences judgments of robots,
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we included exploratory analyses looking at the effects of story for the robot trans-
gressor, even if we did not find a significant interaction effect. We used Student t-tests
(or Odds Ratios Test for Choice) and employed Bonferroni corrections for multiple
pairwise comparisons (p = 0.05/6 = 0.0083). Since these particular analyses were
exploratory, future work would be needed to confirm these specific findings.

Figures 5.3 and 5.4 show the means/ proportions and standard error of adults re-
sponses to each question. Results are displayed by transgressor-story pairs, collapsed

across story for each transgressor, and collapsed across transgressor for each story.

5.4.1 Manipulation Checks

In the manipulation checks, we verify that participants’ perceptions of the robot’s
capabilities varied based off of the story that was provided to them. We provide an

overview of our manipulation check below.

Robot

Without any information about the robot’s capabilities, participants did not think
that the default robot had physio-emotional (M = 0.18, SD = 0.49) or social capa-
bilities (M = 0.16, SD = 0.47), but thought the default robot had some amount of
cognitive capabilities (M = 1.71, SD = 1.04). When the robot was described with a
cognitive backstory, participants attribution of cognitive capabilities was high for the
cognitive robot (M = 2.36, SD = 0.87), but there was still no attribution of physical
(M =0.34, SD = 0.69) and social experiences (M = 0.48, SD = 0.81). Importantly,
describing the robot as having emotional experiences, either physical or social, influ-
enced participants’ attribution of these abilities to a robot: participants attributed
physical experiences to the physio-emotional robot (M = 1.85, SD = 1.18) and so-
cial experiences to the socio-emotional robot (M = 1.71, SD = 1.14). Furthermore,

participants attributed some amount of physical experiences to the socio-emotional
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robot (M = 1.02, SD = 1.08) and some amount of social experiences to the physio-
emotional robot (M = 1.50, SD = 1.13). Participants also attributed some amount
of cognitive capabilities to both of the emotional robots (physio-emotional: M = 2.15,

SD = 0.90; socio-emotional: M = 2.26, SD = 0.83).

Human

Overall, participants judged the human to be “human-like”, regardless of story. Specif-
ically, participants attributed physical, social, and cognitive experiences to the default
human (physical: M = 2.44, SD = 0.96; social: M = 2.37, SD = 0.93; cognitive:
M = 254, SD = 0.70), physio-emotional human (physical: M = 2.61, SD = 0.77;
social: M = 2.38, SD = 0.87; cognitive: M = 2.54, SD = (0.70), and socio-emotional
human (physical: M = 2.38, SD = 0.96; social: M = 2.58, SD = 0.75; cognitive:
M = 2.63, SD = 0.65). Participants also attributed cognitive experiences to the
cognitive human (M = 2.62, SD = 0.64), but interestingly, attributed less physical

(M =1.69, SD = 1.20) and social experiences (M = 1.66, SD = 1.15).

5.4.2 Moral Judgments Questionnaire
Intent

For Intent, we did not find a significant interaction effect between story and trans-
gressor type, F(3,712) = 0.94, p = .42. There were also no significant main ef-
fects of transgressor type, F'(1,712) = 0.62, p = .43 (see Figure 5.3B), and story,
F(3,712) = 2.60, p = .051 (see Figure 5.3C). Across all conditions, participants
agreed that the transgressor intended to push Bob (M = 2.69, SD = 0.67).

In our exploratory analysis on story effect on the robot transgressor, we found
that the default robot (M = 2.50, SD = 0.88) was perceived to have less intent than
the physio-emotional (M = 2.78, SD = 0.49) robot, p = .0052. All other comparisons

were not significant, ps > .034 (see Figure 5.3A).
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Figure 5.3: Participant Responses to the Moral Judgments Questionnaire. A)
The graphs display the mean responses, with standard error, for each measure, split by
transgressor type and story type. B) The graph is collapsed across story types and displays
the mean response, with standard error, by transgressor type. C) The graph is collapsed
across transgressors and displays the mean response, with standard error, by story type.
There were significant interactions between transgressor type and story in Desire, Moral
Knowledge, and Emotional Knowledge. For Punishment and Intent, we show the results of
exploratory analyses on just the robot condition. The brackets and stars represent signifi-
cance.
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Desire

For Desire, we found a significant interaction between story and transgressor type,
F(3,712) = 3.46, p = .016, and significant main effects of transgressor type, F'(1,712) =
40.33, p < .0001 (see Figure 5.3B), and story, F'(3,712) = 3.93, p = .0085 (see Figure
5.3C).

We first looked at the interaction effect by comparing story for each transgres-
sor. For the robot transgressor, participants agreed that socio-emotional (M = 2.21,
SD = 0.87) and physio-emotional (M = 2.12, SD = 0.87) robots wanted to push
Bob significantly more than the default robot (M = 1.67, SD = 1.11), ps < .0004.
Attribution of desire to the cognitive robot (M = 1.91, SD = 0.97) did not dif-
fer from the other conditions and the socio-emotional and physio-emotional robots
did not differ from each other, ps > .019 (see Figure 5.3A). In contrast to robots,
participants agreed that the human wanted to push Bob across all story conditions
(physio-emotional: M = 2.39, SD = 0.70; socio-emotional: M = 2.37, SD = 0.73;
cognitive: M = 2.43, SD = 0.72; default: M = 2.34, SD = 0.81), ps > .49 (see
Figure 5.3A).

Next, we looked at how the robot-story pairs compared to the human-story pairs.
Interestingly, the socio-emotional robot was not significantly different than any of the
humans (physio-emotional: p = .16; socio-emotional: p = .22; cognitive: p = .082;
default: p = .30), and neither was the physio-emotional robot (physio-emotional:
p = .037; socio-emotional: p = .056; cognitive: p = .015; default: p = .082). The

cognitive and default robots were less than all humans, ps < .0007.

Punishment

For Punishment, we did not find a significant interaction effect between transgressor
and story, F(3,712) = 1.46, p = .22. We did, however, find a significant main

effect of transgressor type, F'(1,712) = 31.32, p < .0001 (see Figure 5.3B). Overall,
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participants thought that the human should be punished for pushing Bob (M = 2.08,
SD = 0.86) more than the robot (M = 1.68, SD = 1.08).

We also found a significant main effect of story, F'(3,712) = 3.87, p = .0093
(see Figure 5.3C). Participants attributed more deservingness of punishment to the
physio-emotional transgressors (M = 2.02, SD = 0.95) than the default transgressors
(M = 1.74, SD = 1.04), p = .0069. Participant responses for the socio-emotional
(M =1.99, SD = 0.97) and cognitive (M = 1.78, SD = 1.01) transgressors did not
differ from the other stories, ps > 0.015.

In our exploratory analysis on story effect on the deserved punishment of the robot
transgressor, we found that socio-emotional (M = 1.89, SD = 1.09) and physio-
emotional robots (M = 1.84, SD = 1.04) were perceived to deserve more punishment
than the default robot (M = 1.43, SD = 1.09), ps < 0.0047. All other comparisons

were not significant, ps > .018 (see Figure 5.3A).

Moral Knowledge

For Moral Knowledge, we found a significant interaction between transgressor type
and story, F'(3,712) = 9.69, p < .0001, and significant main effects of transgressor
type, F'(1,712) = 206.30, p < .0001 (see Figure 5.3B), and story, F'(3,712) = 10.78,
p < .0001 (see Figure 5.3C).

We first looked at the interaction effect by comparing story for each transgressor.
For the robot transgressor, participants attributed moral knowledge to the socio-
emotional robot (M = 1.53, SD = 1.01) more than the cognitive (M = 1.1, SD =
0.91) and default (M = 0.66, SD = 0.78) robots, ps < .001. Participants also
thought the physio-emotional (M = 1.3, SD = 0.91) and cognitive robot had more
moral knowledge than the default robot ps < .0007. All other comparisons were
insignificant, ps > .076 (see Figure 5.3A).

For humans, story was also significant, but in a much different way than it was
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for robots. Participants attributed less moral knowledge to the cognitive human
(M = 1.8, SD = 0.99) than the socio-emotional (M = 2.18, SD = 0.82), physio-
emotional (M = 2.19, SD = 0.82), and default (M = 2.09, SD = 0.87) humans,
ps < .0041. All other comparisons were insignificant, ps > 0.93 (see Figure 5.3A).
Next, we looked at how the robot-story pairs compared to the human-story pairs.
The socio-emotional robot was not significantly different than the cognitive human,
p = .042, but was significantly less than all other humans, ps < .0001. All other

robots were significantly less than all humans, ps < .0001.

Emotional Knowledge

For Emotional Knowledge, we found a significant interaction effect between trans-
gressor type and story, F(3,712) = 11.42, p < .0001, and significant main effects
of transgressor type, F(1,712) = 122.68, p < .0001 (see Figure 5.3B), and story,
F(3,712) = 19.16, p < .0001 (see Figure 5.3C).

We first looked at the interaction effect by comparing story for each transgressor.
For the robot transgressor, participants attributed more emotional knowledge to the
socio-emotional (M = 1.4, SD = 0.97) and physio-emotional (M = 1.08, SD = 0.91)
robots than the cognitive (M = 0.72, SD = 0.79) and default (M = 0.33, SD = 0.62)
robots, ps < .0052. Participants also thought the cognitive robot had more emotional
knowledge than the default robot, p = .0023. The socio-emotional robot did not differ
from physio-emotional robot, p = .011 (see Figure 5.3A).

Interestingly, the cognitive human was perceived to have less emotional knowledge
(M =1.31, SD = 0.92) than the socio-emotional (M = 1.73, SD = 0.91) and default
(M = 1.59, SD = 0.88) humans, ps < .0068. Attribution of emotional knowledge to
the physio-emotional human (M = 1.64, SD = 0.72) did not differ from the cognitive
human (p = 0.0088), or from the other stories (ps > 0.48). Lastly, the socio-emotional

and default human did not differ from each other, p = 0.54 (see Figure 5.3A).

99



Next, we looked at how the robot-story pairs compared to the human-story pairs.
The socio-emotional robot was not significantly different than any of the humans
(cognitive: p = .48; physio-emotional: p = .055; default: p = .044; socio-emotional:
p = .0088). The physio-emotional robot was not significantly different than the
cognitive human, p = .066, but lower than all other humans, ps < .0001. The default

and cognitive robots were less than all of the humans, ps < .0001.

Choice

For Choice, we did not find a significant interaction effects between transgressor and
story, x%(3,720) = 5.12, p = 0.16. We did, however, find a main effect of transgressor
type, x2(1,720) = 120.85, p < .0001 (see Figure 5.4B). Participants were more likely
to say that the human had a choice (92%) than the robot (58%). Both of these
percentages were significantly greater than chance (50%), binomial ps < .0031.

We also found a main effect of story, x?(3,720) = 27.71, p < .0001 (see Figure
5.4C). Participants were more likely to attribute choice to the physio-emotional (86%)
and socio-emotional (83%) transgressors than the default transgressor (59%), ps <
.0001. Participants attribution of choice to the cognitive transgressor (73%) did not
differ from the other stories and the physio-emotional and socio-emotional stories did
not differ from each other, ps > .0095. However, participants attributed choice to all
the stories significantly greater than chance, binomial ps < .017.

In our exploratory analysis on story effect on the robot’s choice to do something
other than push Bob, we found that socio-emotional (73%), physio-emotional (73%),
and cognitive (56%) robots were perceived to have more choice than the default robot
(29%), ps < .0004. All other comparisons were not significant, ps > .014 (see Figure
5.4A). Responses for the cognitive robot did not differ from chance, binomial p = .29,
and attribution of choice was greater than chance for the socio-emotional and physio-

emotional robots, binomial ps < .0001, but less than chance for the default robot,
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binomial p < .0001.

5.5 Discussion

Our results highlight that the story told about a transgressor’s mental experiences
(e.g., cognitive, physio-emotional, and socio-emotional) can play a role in how people
view the transgressor’s morality. Specifically, the context provided by the story can
affect how people perceive a robot transgressor’s intent, desire, moral knowledge,
emotional knowledge, freedom to choose, and deservedness of punishment, but also
a human transgressor’s emotional and moral knowledge. Most importantly, these
findings showcase why people must be cognizant of how they design and talk about
robots that interact with people.

The key to increasing perceived emotional and social intelligence in robots may
not necessarily be building “smarter" robots in the traditional sense (e.g., better
problem-solving skills), but rather developing them to seem as if they can feel (e.g.,
feeling love, feeling pain). In our study, we found that robots that are described with,
and perceived with, physio-emotional or socio-emotional capabilities were perceived
to have greater emotional knowledge than robots that were perceived to not feel (i.e.,
cognitive and default). The two feeling robots were also judged to have higher moral
knowledge than default robots (with socio-emotional robots higher than cognitive
robots, as well). We already know through prior work that designing robots to exhibit
emotions can lead to stronger connections and bonds with them [155, 33, 154|, which
can be particularly important when they are used for emotional support. However,
this robot design choice becomes a more complicated issue when a robot that is
perceived to feel commits harm.

Robots that are perceived to feel may lead to people making unreasonable or

unrealistic assumptions about the capabilities of the robot. These assumptions may
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lead to people’s placement of responsibility for a transgression that the robot commits
onto the robot itself, and, as a result, diffuse parts of the blame away from the robot’s
developers or companies [28]. In our exploratory analyses, participants somewhat
agreed that socio-emotional and physio-emotional robots should be punished for their
transgression, and this was significantly higher than the default robot. Furthermore,
even though participants thought that the robot intended to cause harm, participants
were more likely to think that the emotional robots wanted to and chose to cause harm
in comparison to the default robot. It is possible, therefore, that the combination of
desire and free choice may be driving people’s allocation of punishment onto emotional
robots.

Another interesting finding on punishment was that participants clearly disagreed
that default robots had moral and emotional knowledge, but were split on whether
or not the robots should be punished for their physical transgression. This suggests
that even though they believe that the robot may not know or understand what it
did was wrong, they still think that it should be held accountable to some extent.
Whether or not this belief is related to people’s belief that they can train the robot to
learn between right and wrong through negative reinforcement must be left for future
research.

The importance of emotional capabilities is supported further by the finding that
even a human who was perceived to feel less than other humans (i.e., cognitive) was
generally perceived as having less emotional and moral knowledge. This interesting
and surprising effect suggests that participants judged the cognitive human as atyp-
ical. Despite this, people still held the cognitive human to the same moral standard
as other humans. Even though a human was perceived to have less physical and
social emotions, and less understanding of the consequences of their actions, people
still believed that the human intended and desired to cause harm, and, importantly,

should be punished the same as humans with higher rankings.
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Although the cognitive backstory generally led to lower morality rankings for the
robot than physio-emotional or socio-emotional rankings, it still had a considerable
impact when compared to the default robot. This is particularly the case for moral
knowledge, emotional knowledge, and freedom of choice. This finding could indicate
that simply giving more of a backstory about a robot’s mental capabilities is enough
to make people perceive it as more humanlike.

We must be careful about how we design and talk about robots and other tech-
nologies that interact with people. Our findings demonstrate that a story has power
- stories can change a robot from seeming like a machine to a moral agent. If sto-
ries like these can be believed in our everyday world, this can lead to undesirable

consequences when people interact with or observe a robot that transgresses.

5.6 Limitations and Future Directions

The current study had several limitations, yet presents interesting opportunities for
future research. First, this study was conducted in the United States and most of
the participants were White, educated, and had a stable income. Previous research
has demonstrated that attributions of mental capabilities and morality vary across
cultures [182, 280|, and thus our findings may not generalize to the greater global
population.

Additionally, participants only saw a short video of the transgression. We cannot
know how our results will translate in person, unless we conduct the study in per-
son. Given that the public still mostly accesses cases of robot harm via media (such
as online clips or movies), exploring how video of a transgression affects perceived
morality is relevant. Nonetheless, it would be fruitful to explore how people judge a
robot after observing a transgression in person or after observing a transgression that

is caused by a robot they have had previous interactions with.

103



Furthermore, since there is no standardized measure of morality judgments, our
questionnaire is drawn from a collection of metrics that have been used in HRI, moral
psychology, and philosophy. This questionnaire has not been independently validated,
but we believe that it still presents a useful, although perhaps not comprehensive,
viewpoint of moral judgments.

Future work could explore participants’ judgments of robots that commit other
types of transgressions. We focused on pushing, but transgressions can vary in ex-
tremity (e.g., bumping vs. pushing) and type of harm (e.g., emotional vs. physical).
It remains an open question, therefore, how a robot’s perceived capabilities matter
for different transgressions.

It is important to note that we did not mention the robot developer nor did we
ask participants about their judgments of a developer. Even though people thought
the robot should be punished to some degree, it is unclear how this judgment might
compare to people’s attribution of punishment to the robot developer. Prior work
has found that people will still blame developers more than the robot in certain
scenarios [159]. It remains an open question, however, if this changes when robots are
described as having emotional capabilities, as they were in our study. This increases
the importance of defining a code in which liability is made clear when a robot or Al
does something wrong, but also being transparent with consumers about what the
limitations and capabilities of a technology truly are.

Lastly, research has shown that when a robot commits a moral transgression, this
can affect user engagement with the robot, as well as users’ perceptions of likability
and trust in the robot [235, 224, 287, 162|. Future work can further explore the
larger consequences that perceived moral standing of robot transgressors may have

on human-robot collaboration, long-term engagement, and HRI as a whole.
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5.7 Conclusion

To broaden our understanding of how robot failures can affect the moral dimension
of failure, we ran a between-subjects online study with human and robot transgressor
conditions, and conditions highlighting different stories about the transgressor’s men-
tal (i.e., physio-emotional, socio-emotional, cognitive, and default) capabilities. We
found that stories, especially those about the ability to feel, can influence robot and
human transgressors’ perceived morality, particularly in robots. These are important

factors to be cognizant of when we talk about and design robots for end users.
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Chapter 6

Conclusion

Through the work in this dissertation, we broaden our understanding of how robot
failures in human-robot interactions influence human perceptions and responses. Our
research demonstrates that people’s perceptions and responses to robot failures can
have functional, social, and moral dimensions.

In this chapter, we first summarize our main contributions and then discuss future

considerations.

6.1 Contributions
This dissertation makes the following contributions:

e We reviewed prior work on robot failures in human robot-interactions and dis-
cussed the functional, social, and moral dimensions of robot failure (Chapter

2).

e We conducted a controlled study investigating humans’ evaluative, scalar feed-
back strategies in an interactive human-robot teaching setting (Chapter 3).
With this study, we gained insights into the differences in how people interpret

robot failure within the functional dimension. We empirically evaluated the
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differences in various extrapolated feedback strategies on a learning algorithm’s
ability to perform the task. We also showed that people’s perceived difficulty
of the task and actual performance on the task did not affect their evaluative

feedback towards the robot.

We conducted a pair of controlled studies investigating the influence of robot
failures on human trust in a collaborative word-learning game (Chapter 4).
With these studies, we gained insights into the effects of age on the social
dimension of failure, across different developmental stages in children (4-5 years
old vs 6-7 years old) and between children and adults (above 18 years old). We
found that age, as well as the robot’s behaviors after failures, can impact user
trust. Overall, we showed that older children (6-7 year olds) were less trusting

of a failing robot than younger children and than adults.

We conducted a controlled experiment investigating humans’ moral judgments
after witnessing a robot commit physical harm (Chapter 5). With this study,
we gained insights into how people interpret robot failure within the moral
dimension. We found that the backstory that a participant reads about a robot’s
mental capabilities can affect people’s moral judgments towards the robot. In
particular, we found that even though people attribute less moral standing to
a robot than they do to humans, backstories that describe a robot’s abilities to
feel physiological and social emotions make people perceive the robot as having

a higher moral standing.

Future Considerations

The ultimate goal of investigating human perceptions and responses to robot fail-

ures is to help provide insights that inform the design of more effective and context-

appropriate robotic systems. By systematically examining how people interpret and
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respond to failures in the functional, social, and moral dimensions, this dissertation
broadens our understanding of how people perceive and respond to failure in HRI.
Through a user-centric approach that empirically demonstrates the effects of failures
across dimensions, this dissertation emphasizes that failures in functional, social, and
moral contexts can influence how people interpret and respond to robot failure. Fail-
ures are not just technical events with robot-centric consequences, but they are also
events that elicit complex, context-dependent cognitive responses in users. Collec-
tively, the findings presented here identify promising directions for future research
on the design and evaluation of robotic systems that inevitably fail while interacting

with people.

6.2.1 Personalization and Adaptation in Robot Design

Across the works of this dissertation, we commonly conclude that individuals vary
significantly in how they perceive and respond to robot failures. This variability
is evident both in Chapter 3, where participants differed significantly in how they
provided evaluative feedback following robot failures, and in Chapter 4, where indi-
vidual characteristics such as age influenced how people trusted a robot that failed.
Together, these findings emphasize the importance of personalization in the design of
robots that interact with users.

When examining the functional dimension in Chapter 3, we found that people
adopted different feedback strategies and interpreted a robot’s performance after fail-
ure in distinct ways. When designing robots that learn from human input, future
work should further investigate how users’ prior experiences, expectations, and men-
tal models shape how they provide feedback. Enabling robots to recognize and adapt
to a user’s preferred feedback style may support more effective and efficient robot
performance, by allowing robots to identify and leverage the preferences or strengths

of individual human teachers.
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Similarly, in Chapter 4, we found that age can shape how much people trust a
robot that fails, and that certain failure mitigation strategies may be more effective for
certain age groups than others. Future work can further look into differences in how
users interpret robot failures, and explore how to tailor failure mitigation strategies
in order to be most effective. More broadly, individual characteristics clearly play a
significant role in how people perceive and respond to robot failures, indicating that
there is no one-size-fits-all approach to designing for failure handling in human-robot
interaction.

An interesting opportunity for future work would be the development of adaptive
failure handling strategies, in which robots learn over time how to best respond to
failures for specific users and contexts. Using this approach, failures become oppor-
tunities for personalization, enabling robots to refine their behavior based on users’

preferences and expectations.

6.2.2 Understanding Failure Dimension Interplay

In this dissertation, we examine how people perceive and respond to robot failures
within the functional, social, and moral dimensions. In Chapters 3-5, the primary
focus of each chapter is investigating the effects of robot failure within one dimension.
Thus, there is ample opportunity for additional research to further understand how
robot failures affect different dimensions at the same time.

Future work should investigate how these failure dimensions interact with one
another and how these interactions may shape people’s perceptions and responses.
For example, when a robot failure decreases perceptions of competence within the
functional dimension, how much does this same failure influence the users’ social
evaluations or moral judgments of the robot? Are there contexts in which changes
across these dimensions are tied together and other contexts in which they are not?

How do changes in a person’s moral judgments following a failure also lead to sub-
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sequent changes in their perceptions in the functional and social dimensions? While
our supplemental analyses for Chapter 4, found in Appendix A, suggested potential
interactions between the different failure dimensions within the context of our experi-
ment, the main focus of our current work was not designed to systematically evaluate
interactions. A main focus of future robot failure work could involve developing a
deeper understanding of the interactions between these dimensions across different
HRI contexts, to help inform the design of robots that respond to failure in more

targeted and contextually appropriate ways.

6.2.3 Longitudinal Robot Failures

The experiments in this dissertation were intentionally conducted in laboratory set-
tings to study the effects of robot failures under controlled and reproducible condi-
tions. However, these experimental settings are inherently limited in capturing the
long-term dynamics of failure, as they capture short-term interactions with brief ex-
posure to the robot. While providing important insights into human’s perceptions
and responses to robot failure, these shorter-term studies do not provide a full picture
of how people experience and interpret robot failures over time.

In the real world, users are likely to interact with robots repeatedly over extended
periods of time. For example, people may regularly interact with a cooking robot
that prepares meals in their home or with a cleaning robot that operates in their
workplace. As a result, users’ perceptions of the robot are likely to evolve across
interactions rather than solidify from a single encounter.

Future work should investigate how the functional, social, and moral dimensions of
robot failure unfold and/or interact over time. For example, can effective trust-repair
strategies mitigate recurring functional failures? Conversely, does a single moral fail-
ure dominate user perceptions, despite otherwise excellent task performance? As

demonstrated in Chapter 4, the recurrence of failures can significantly affect users’
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trust, underscoring the importance of understanding how repeated failures, and the
subsequent recovery from them, shape long-term human-robot interactions and rela-
tionships.

Moving forward, longitudinal study designs, whether in the wild or through ex-
tended lab-based studies, will be crucial for developing an understanding of how

repeated robot failures influence how peoples’ perceptions of robots change over time.

6.2.4 FEthical Considerations

As robots are increasingly co-located with people and embedded in everyday environ-
ments, robots have the potential to cause harm, whether it be financial by damaging a
user’s property, emotional by hurting a user’s feelings, or physical by inflicting pain or
injury. Beyond the immediate consequences of these failures, there are broader ethical
considerations that should contribute to robot design and deployment. These include
how capabilities and limitations should be communicated to users, how transparency
is implemented, how recovery is handled, and how responsibility and accountability
are assigned.

Chapter 5 demonstrates that the framing of a robot’s capabilities influence users’
moral judgments following harmful outcomes. In particular, robots described as pos-
sessing greater emotional capacity were attributed higher moral standing. While
anthropomorphic or emotionally expressive robot designs may foster companionship,
engagement, and trust, they also complicate how users interpret responsibility when
failures occur. If users perceive a robot as a moral agent, what happens when a robot
failure leads to harm in the real world? How do users attribute responsibility and
blame? Do they hold the robot accountable, the designers, the robot company, or
even themselves? How should designers balance developing robots that build social
connections while ensuring an accurate understanding of the robot’s true capabilities?

Is it possible to effectively do both?
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Gaining a deeper understanding of how robot failures affect people’s perceptions
of the robot in the moral dimension is critical. While transparency may appropri-
ately calibrate user expectations of a robot’s capabilities, it may also diminish other
influential factors that are critical for fostering social bonds or relationships with
robots. As such, striking an appropriate balance between user interpretation and full
disclosure is not trivial.

Similarly, if real harm is caused to a user, a mitigation strategy like an apology
may not be sufficient, appropriate, or ethical. Instead, we must consider how these
situations must be handled by users, designers, and society as a whole. Future work

must incorporate ethical consideration into failure research.

6.2.5 Real World Failures

As mentioned in Section 6.2.3, the experiments in this dissertation are performed
in controlled laboratory settings to minimize confounding variables that real-world
settings may introduce. Across the studies, different robotic platforms were selected
to suit the specific research questions and interaction contexts. However, because
these systems varied in embodiment, role, and level of anthropomorphism, direct
comparisons across chapters may not be appropriate. We cannot assume that the
findings from each study would generalize unchanged to different robotic platforms or
experimental contexts. At the same time, the results demonstrate that these effects
can occur under certain conditions and may extend to related settings. As such,
developers should remain cognizant of these findings when designing and evaluating
robotic systems across diverse contexts.

As robots transition from the laboratory to real-world deployments, it becomes
critical to examine failures within the specific contexts and populations for which
they are designed. When a robot is deployed into the real world, experiments should

be conducted with the systems, tasks, and user groups that will interact with that
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robot. While it is impossible to account for every possible failure scenario, categorizing
potential failures according to their functional, social, and moral impact may enable
more generalizable and scalable failure recovery strategies.

Another critical real world consideration is understanding how different user pop-
ulations perceive and react to robot failures. In Chapter 4, we saw the significant
impact of age, which suggests that robot developers need to account for who the end
user might be. For example, a preschool tutoring robot should be specifically designed
for handling failures with preschoolers, while an industrial collaborative robot should
be designed for handling failures with factory workers. Similarly, robots that are
designed for the elderly or individuals with autism spectrum disorder must account
for the specific expectations, sensitivities, and needs of those populations. Ignoring
these differences risks not only the loss of trust among end users, but also increased

potential for harm.

6.2.6 Subjective Failures

The studies in this dissertation focused on failures that were objectively incorrect
robot behaviors: selecting the incorrect set of cards in a card-selection task, providing
the wrong advice on a word-learning game, or pushing down a human. These scenar-
ios ensured that participants were responding to failures that could be undoubtedly
categorized as failures.

However, as we discussed in Chapter 2, not all robot behaviors are clearly incorrect
or correct, and failure may be subjectively interpreted by users. For example, one
user may interpret a robot’s fast movements as rude whereas others may view it as
appropriate and efficient. As such, the former user may consider the robot’s behavior
as a failure, in contrast to the latter.

Future research should investigate subjective failures, situations in which a robot’s

behavior may or may not be interpreted as a failure depending on context or user
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expectations. Understanding subjective failures is important because these failures
can reveal how individual differences shape people’s responses to robot behavior.
Investigating whether certain traits, experiences, or population-level factors predict
who interprets behaviors as failures could help inform adaptive and personalized robot
design (see Section 6.2.1). Studying subjective failures can guide the development of

robots that are sensitive to diverse user expectations.

6.2.7 Robot vs. Human Failures

In both Chapter 4 and 5, the experimental designs included direct comparisons be-
tween a robot’s failures and a human’s failures. Across both studies, we found signifi-
cant differences (and some similarities) between how people evaluated and responded
to these failures.

These findings suggest that while insights from human-human interaction (HHI)
research can provide a useful starting point for robot specific design, they are not
sufficient on their own. While users may project some human expectations onto
robots in certain contexts, it is clear that designers cannot assume that all HHI norms
will be effective at designing effective robot failure strategies. As robots increasingly
occupy roles traditionally held by humans and display human-like properties and
characteristics, it is essential to understand what people expect from a robot that
fails, and how this differs from humans that fail. Comparing robot and human failures
not only informs us about robot design, but also provides a deeper understanding of

how we view ourselves and others when we fail.
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Appendix A

Supplemental Analyses for Chapter 4

Agency Questionnaire

Ontological Status. Here is a person and here is a computer. Is Nao/Anne more
like a person or a computer? How much is Nao/Anne like a person/computer?

= L

Feelings. Does Nao/Anne have feelings, like happy and sad?

Factual Knowledge. Does Nao/Anne know the answers to a lot of questions?
Friend. Can Nao/Anne be your friend?
Think. Does Nao/Anne think for itself/herself?

Moral Knowledge. Some actions are bad, like hitting, and some actions are good,
like helping. Does Nao/Anne know the difference between good and bad?

See & Hear. Can Nao/Anne see and hear the things around it/her?

Table A.1: Agency Questionnaire. For Ontological Status, the coding scheme was 0 =
Computer, a lot; 1 = Computer, a little bit; 2 = In the middle; 3 = Person, a little bit; 4 =
Person, a lot. For the remaining questions, the coding scheme was 0 = No; 1 = Yes, a little
bit; 2 = Yes, a lot.
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Study 1!

By Trial Comparisons

For each Trial, we ran a Logistic Model with Endorsement as the dependent variable,
Partner type (Robot versus Human) and age (in years) as the independent variables.
For the Trials in the Inaccuracy Phase model (Trial 6-8), we also included Response
condition (Mistaken versus Apologetic versus Uncooperative) as an independent vari-
able. In each model, we included interactions between the independent variables but
removed them from the model if we did not find significant interactions.

At Trial 1, we did not find any significant main or interaction effects of Partner
type and age, ps > .378.

At Trial 2, we did not find a significant interaction between Partner type and age,
x2(1) = 3.09, p = .079, so we removed it from the final model. We found a main
effect of age, x?(1) = 4.06, p = .044, such that older children were less likely to trust
the partner at Trial 2 than younger children, OR = 0.72, 95% CI (0.53, 0.99). We
did not find a main effect of Partner type, x*(1) = 0.49, p = .486.

At Trial 3, we did not find any significant main or interaction effects of Partner
type and age, ps > .149.

At Trial 4, we did not find a significant interaction between Partner type and age,
x2(1) = 0.18, p = .669, so we removed it from the final model. We found a main
effect of age, x?(1) = 4.09, p = .043, such that older children were less likely to trust
the partner at Trial 4 than younger children, OR = 0.67, 95% CI (0.45, 0.99). We
did not find a main effect of Partner type, x*(1) = 0.71, p = .401.

At Trial 5, we did not find any significant main or interaction effects of Partner

type and age, ps > .456.

!These analyses were originally published as part of the Supplementary Materials of: Teresa
Flanagan, Nicholas C. Georgiou, Brian Scassellati, Tamar Kushnir. (2024). School-age children
are more skeptical of inaccurate robots than adults. In Cognition, Volume 249, August 2024, 105814.
[75]
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At Trial 6, we found a significant three-way interaction between Partner type,
Response Type, and age, x*(2) = 6.41, p = .041, but no main effects of each, ps
> .442. To explore the interaction effect further, we looked at the effect of age for
each condition separately. We found that older children were less likely to trust the
Mistaken Robot at Trial 6 than younger children, OR = 0.13, p = .007, 95% CI (0.03,
0.56). We did not find any differences in age in the other conditions, ps > .119.

At Trial 7, we did not find any significant three-way or two-way interactions, so
we removed them from the final model. We found a main effect of age, x?(1) =
9.61, p = .002, such that older children were less likely to trust the partner at Trial
7 than younger children, OR = 0.58, 95% CI (0.42, 0.82). We also found a main
effect of Partner type, x*(1) = 3.95, p = .046, such that children were more likely
to trust the Robot partner at Trial 7 (36.9%, SD = 0.49) than the Human partner
(23.8%, SD = 0.43), OR = 0.49, 95% CI (0.24, 0.99). Finally, we found a main effect
of Response type, x*(2) = 8.23, p = .016. Using Bonferroni corrections, children
trusted the Uncooperative partner (16.10%, SD = 0.37) significantly less at Trial 7
than the Mistaken partner (37.5%, SD = 0.49), OR = 0.29, p = .028, 95% CI (0.10,
0.89), and the Apologetic partner (37.5%, SD = 0.49), OR = 0.30, p = .033, 95% CI
(0.10, 0.91). Children’s trust in the Mistaken and Apologetic partners at Trial 7 did
not differ, OR = 1.03, p = 1.00, 95% CI (0.39, 2.69).

At Trial 8, we did not find a significant three-way interaction or two-way interac-
tions with Response type, so we removed these interactions from the final model. We
found a two-way interaction with Partner type and age, x*(1) = 3.62, p = .057, and a
main effect of age, x*(1) = 6.28, p = .012. To explore the interaction effect further, we
looked at the effect of age for each Partner type separately. For the Human partner,
older children were less likely to trust the partner at Trial 8 than younger children,
OR = 0.36, p = .003, 95% CI (0.18, 0.70). We did not find a significant difference in
age for the Robot partner, OR = 0.80, p = .392, 95% CI (0.49, 1.33).
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Agency Feature Comparisons by Response

We were interested in whether the type of experience children have with the partner
influences their judgments. We ran a mixed effects model of children’s agency judg-
ment with Partner type (Human vs Robot), Response type (Mistaken, Apologetic,
Uncooperative), agency item, and age as independent variables and participant as a
random intercept. We did not find a significant four- or three-way interaction inter-
actions between Partner type, Response type, and agency item and between agency
item and age, so we removed these from the final model. We also removed inter-
actions between Partner type and Response type and any with agency item, as we
did not find any significant interactions. Any follow-up comparisons use Bonferroni
corrections.

We found a main effect of agency item, x?(5) = 38.35, p < .0001. Follow-up
comparisons found that children judged the partner to know the answer to questions
(M = 1.13, SD = 0.63) less than knowing the difference between good and bad (M
= 1.49, SD = 0.65), ¢(981) = 5.25, p < .0001, d = 0.17, 95% CI (0.10, 0.23), less
than being a friend (M = 1.44, SD = 0.69), t(981) = 4.48, p = .0001, d = 0.14, 95%
CI (0.08, 0.21), less than having feelings (M = 1.47, SD = 0.69), t(981) = 4.90, p <
.0001, d = 0.16, 95% CI (0.09, 0.22), and less than seeing and hearing (M = 1.34, SD
= 0.70), t(981) = 3.05, p = .036, d = 0.10, 95% CI (0.03, 0.16). Children’s judgment
of the partner knowing the answer to questions did not differ from the partner being
able to think (M = 1.31, SD = 0.74), t(981) = 2.61, p = .140, d = 0.08, 95% CI
(0.02, 0.15). There were no other significant differences between the agency items, ps
> .121.

We also found a main effect of Response type, x?(2) = 6.29, p = .043, but after
Bonferroni corrections, the differences between Response types were not significant,
ps > .080 (Mistaken: M = 1.32, SD = 0.74; Apologetic: M = 1.46, SD = 0.64;

Uncooperative: M = 1.31, SD = 0.69). We did not find a main effect of Partner
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type (Human: M = 1.41, SD = 0.69; Robot: M = 1.32, SD = 0.70) or age, ps >
.148. We also found a significant interaction between Response type and age, x?(2)
= 6.15, p = .046, and between Partner type and age, x*(1) = 4.43, p = .035, but
after follow-up analyses, none of the age differences were significant, ps > .085.

For the ontological status question, we ran a Linear model of children’s response
with Partner type, Response type, and age as the independent variables. Any follow-
up comparisons use Bonferroni corrections. We found a main effect of Partner type,
F(1, 153) = 40.99, p < .0001, 772 = 0.21, such that children were more likely to say
that the human partner was more like a person (M = 2.66, SD = 1.56) than the robot
partner (M = 1.34, SD = 1.14), ¢(153) = 6.50, d = 0.53, 95% CI (0.36, 0.69). We did
not find a main effect of Response type (Mistaken: M = 1.93, SD = 1.54; Apologetic:
M = 2.04, SD = 1.50; Uncooperative: M = 2.05, SD = 1.53) or age, ps > .199. We
also found a significant three-way interaction between Partner type, Response type,
and age, F(2, 153) = 9.24, p = .0002, 77}27 = 0.11. Specifically, older children were less
likely to say that the Uncooperative human partner was like a person than younger
children, § = -0.61, p = .003. We did not find a significant difference in age for any

of the other conditions, ps > .069.

Agency Feature Comparisons by Interaction for Robot Partner

We were interested in children’s agency judgments of the robot, whether this varied
by children’s type of, and lack of, interactions with the robot. Specifically, we looked
at the difference between children who played the game with the robot (those in the
Robot Partner conditions) and children who did not play the game with the robot
(those in the Human Partner conditions). To see if children’s prior interactions with
a robot affected their overall agency judgments of the robot, we ran a mixed effects
model of children’s agency judgment with Interaction (Prior Interaction for those in

the Robot Partner conditions and No Interaction for those in the Human Partner
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conditions), agency item (feelings, thinking, epistemic knowledge, moral knowledge,
friend, and sensing), and age (in years) as independent variables and participant as
a random intercept. Prior analysis did not find a significant three-way interaction
between the variables or a significant interaction between Interaction and age, ps
> .176, so we removed them from the final model. Any follow-up comparisons use
Bonferroni corrections.

We found a main effect of agency item, x?(5) = 37.08, p < .0001, and a main
effect of age, x*(1) = 14.29, p = .0002. We did not find a main effect of Interaction,
x2(1) = 0.41, p = .524 (Prior Interaction: M = 1.42, SD = 0.71; No Interaction:
M =142, SD = 0.71). We found a significant interaction between age and agency
item, x%(5) = 19.62, p = .002. To explore interaction effect further, we looked at
the differences in age for each agency item. We found that older children were less
likely to say the robot had feelings and could think than younger children (Feelings:
f = -0.22, p = .0006; Think: 5 = -0.20, p = .0006). We did not find a significant
difference in age for the other agency items, ps > .208.

We also found a significant interaction between Interaction and agency item, x?(5)
= 24.67, p = .0002. To explore the interaction effect further, we compared children’s
judgment to each agency item between children who had Prior Interaction and chil-
dren who had No Interaction. We found that children who had played the game with
the robot were more likely to say that the robot has feelings (M = 1.38, SD = 0.73)
than children who did not play the game with the robot (M = 1.07, SD = 0.84),
£(970) = 2.84, p = .028, d = 0.09, 95% CI (0.03, 0.15). Furthermore, we found that
children who played the game with the robot were less likely to say that the robot
knows the answers to a lot of questions (M = 1.10, SD = 0.66) than children who did
not play the game with the robot (M = 1.43, SD = 0.65), t(970) = 3.03, p = .016,
d = 0.10, 95% CI (0.03, 0.16). We did not find a significant difference in Interaction

for the other agency items, ps = 1.000.
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Next, we looked at whether children’s ontological status judgment (is the robot
more like a person or a computer?) differed between children who had prior inter-
actions with the robot and children who had no prior interactions. We ran a Linear
model of children’s responses with Interaction and age as the independent variables.
We did not find a significant interaction between Interaction and age, F/(1, 160) =
0.25, p = .618, 77]3 = 0.00, so we removed it from the final model. Any follow-up
comparisons use Bonferroni corrections.

We found a main effect of age, F'(1, 161) = 5.86, p = .017, 7713 = 0.04, such that
older children were less likely to say the robot is like a person than younger children,
B = -0.19. We also found a main effect of Interaction, F'(1, 161) = 6.54, p = .011, nz
= 0.04, such that children who had played the game with the robot rated the robot
more like a person (M = 1.34, SD = 1.14) than children who did not play the game
with the robot (M = 0.91, SD = 1.03), t(161) = 2.56, p = .012, d = 0.20, 95%
CI (0.05, 0.36). This suggests that while children’s ontological judgments of a robot
changes with age, children who have prior interactions with a robot judge the robot

as more human-like than children who had no prior interactions with the robot.

Explanation Responses

After the game, children were asked why they thought the partner started to give them
the wrong answers and children’s open-ended responses were categorized. For the
purposes of this paper, we focused on the rate of responses that references Intention:
either not intentional (e.g., “it was an accident”), intentionally harmful (e.g., “he tried
to trick me”), or intentionally helpful (e.g., “she wants us to think for ourselves”). See
Table A.2 for the rate of responses for each Response type. We also report the rate of
responses for the other categories in Table A.3. For each of the Intention responses,
we ran separate Logistic Models with response category as the independent variable

and with Response condition and age as the dependent variables. Prior analyses
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found no significant main or interaction effects with the Partner type, ps > .211, so
it was not included in the final models. For referencing helpful intent or no intent, we
did not find any main effects of Response type, ps > .09, but we did find a main effect
of age for each, ps < .008. Older children were more likely to say that the partner
had helpful intentions than younger children, OR = 3.34, 95% CI (1.17, 9.48), but
less likely to say that the partner was not intentional than younger children, OR =
0.38, 95% CI (0.17, 0.86). For referencing harmful intent, we also found a main effect
of age, x*(1) = 13.88, p = .0002, such that older children were more likely to say
that the partner had harmful intentions than younger children, OR = 2.14, 95% CI
(1.39, 3.29). We also found a main effect of Response type, x*(2) = 8.87, p = .012,
such that children were more likely to reference the partner’s harmful intention in the
Uncooperative condition (35.3%) than the Mistaken condition (14.3%), OR = 3.69, p
=.044, 95% CIT (1.03, 13.26), and more than the Apologetic condition (13.5%), OR =
3.95, p = .031, 95% CI (1.10, 14.20). We did not find a significant difference between
the Mistaken condition and the Apologetic condition, OR = 1.07, p = 1.00, 95% CI

(0.26, 4.50).

Table A.2: Percentage of children referencing the partner’s intention (either lack of, helpful,
or harmful) to give the wrong answers, for each Response type collapsed across partner type.
Values show percentage with count in parentheses.

Response Not Intentional Helpful Intentional Harmful Intentional
Mistaken 6.1% (3) 10.2% (5) 14.3% (7)
Apologetic 7.7% (4) 1.9% (1) 13.5% (7)
Uncooperative 3.9% (2) 2.0% (1) 35.3% (18)
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Table A.3: Percentage of children referencing the agent’s physiology, the agent’s mechanical
properties, the agent’s competence, the game difficulty, blaming themselves, restating the
agent got the question wrong, or any other uncategorized response. Percentages are grouped
by Agent type and Response type.

Partner Response Phys. Mech. Comp. Game Self Wrong  Other
Robot  Mistaken 0 12% (3) 16% (4) 4% (1) 4% (1) 4% (1) 28% (7)
Robot  Apologetic 0 8% (2) 28% (7)) 4% (1) 4% (1) 0 32% (8)
Robot  Uncooperative 0 4% (1)  20% (5) 4% (1) 0 8% (2)  12% (3)
Human Mistaken 42% (1) 0 8.3% (2) 12.5% 42% (1) 0 29.2%
(3) (7)
Human Apologetic 0 0 18.5% 7.4% (2) 3.7% (1) 0 33.3%
(5) (9)
Human Uncooperative 0 0 7.7% (2) 3.8% (1) 7.7% (2) 11.5% 30.8%
(3) (8)
Study 2

By Trial Comparisons

For each Trial, we ran a Logistic Model with Endorsement as the dependent variable,
and Partner type (Robot versus Human) as the independent variable. For the Tri-
als in the Inaccuracy Phase model (Trial 6-8), we also included Response condition
(Mistaken versus Apologetic versus Uncooperative) as an independent variable. In
each model, we included interactions between the independent variables but removed
them from the model if we did not find significant interactions.

For each of the Trials 1-5, we did not find a main effect of Partner type, ps > .207.
For each of the Trials 6-8, we did not find any significant main effects or interaction

effect of Partner type and Response condition, ps > .203.

Agency Feature Comparisons by Response

We were interested in whether the type of experience adults have with the partner
influences their judgments. We ran a mixed effects model of adults’ agency judgment
with Partner type (Human vs Robot), Response type (Mistaken, Apologetic, Unco-

operative), and agency item as independent variables and participant as a random
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intercept. We did not find a significant three-way interaction between the variables
or a significant two-way interaction between Partner type and Response type, so
we removed them from the final model. Any follow-up comparisons use Bonferroni
corrections.

We found a main effect of agency item, x?(5) = 47.88, p < .0001. Follow-up
comparisons found that adults judged the partner to have feelings (M = 0.93, SD =
0.83) and the partner to be their friend (M = 0.90, SD = 0.76) less than all other
agency items (Factual Knowledge: M = 1.12, SD = 0.54; Think: M = 1.16, SD =
0.84; Moral Knowledge: M = 1.14, SD = 0.81; See and Hear: M = 1.21, SD =
0.74), ps < .02. Adults’ judgment between feelings and being their friend did not
differ between items, p = 1.00. There were no other significant differences between
the agency items, ps = 1.00. We also found a main effect of Partner type, x*(1) =
189.64, p < .0001, such that adults judged the human partner to have more agentic
features (M = 1.47, SD = 0.62) than the robot partner (M = 0.68, SD = 0.70),
t(982) = 13.77, d = 0.44, 95% CI (0.37, 0.50). We did not find a main effect of
Response type, x*(2) = 0.13, p = .939 (Mistaken: M = 1.07, SD = 0.73; Apologetic:
M = 1.07, SD = 0.81; Uncooperative: M = 1.09, SD = 0.76).

We found a significant interaction between agency item and Partner type, x?(5)
= 88.13, p < .0001. Follow-up analyses found that adults judged the human partner
to have more feelings (M = 1.24, SD = 0.51) and moral knowledge (M = 1.64, SD
= 0.55) and be able to be their friend (M = 1.21, SD = 0.70), think (M = 1.65, SD
= 0.59), see and hear (M = 1.55, SD = 0.61) more than the robot partner (Feelings:
M = 0.33, SD = 0.55; Moral Knowledge: M = 0.63, SD = 0.71; Friend: M = 0.58,
SD = 0.68; Think: M = 0.67, SD = 0.77; See and Hear: M = 0.88, SD = 0.72),
ps < .0001. Adults also judged the human partner to know the answers (M = 1.24,
SD = 0.51) more than the robot partner (M = 1.01, SD = 0.55), $(982) = 2.37, p =
018, d = 0.08, 95% CI (0.01, 0.14), but this difference between partners is less than
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the difference for the other agency items, ps < .003.

We also found a significant interaction between agency item and Response type,
x2(5) = 37.07, p < .0001. Follow-up analyses found that adults judged the Uncooper-
ative partner as knowing the answers (M = 1.32, SD = 0.69) more than the Mistaken
partner (M = 1.00, SD = 0.43), t(982) = 2.75, p = .018, d = 0.09, 95% CI (0.03,
0.15). Adults also judged the Mistaken partner as being able to think (M = 1.32, SD
= 0.79) more than the Apologetic partner (M = 1.02, SD = 0.84), t(982) = 22.60,
p = .029, d = 0.08, 95% CI (0.02, 0.15). We did not find a significant difference
between Response types for the other agency items, ps > .066.

For the ontological status question, we ran a Linear model of adults’ response
with Partner type and Response type as the independent variables. We did not find
a significant interaction between the variables, so we removed it from the final model.

We found a main effect of Partner type, F/(1, 164) = 189.70, p < .0001, such that
adults judged the human partner as more like a person (M = 2.76, SD = 1.15) than
the robot partner (M = 0.57, SD = 0.90), ¢(164) = 13.77, d = 1.08, 95% CI (0.88,
1.27). We did not find a main effect of Response condition, F'(2, 164) = 0.75, p = .476
(Mistaken: M = 1.59, SD = 1.62; Apologetic: M = 1.61, SD = 1.40; Uncooperative:
M = 1.80, SD = 1.51).

Agency Feature Comparisons by Interaction for Robot Partner

We were interested in adults’ agency judgments of the robot, whether this varied by
adults’ type of, and lack of, experience with the robot. Specifically, we looked at the
difference between adults who played the game with the robot (those in the Robot
Partner conditions) and adults who did not play the game with the robot (those
in the Human Partner conditions). To see if adults’ prior interactions with a robot
affected their overall agency judgments of the robot, we ran a mixed effects model of

adults’ agency judgment with Interaction (Prior Interaction for those in the Robot
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Partner conditions and No Interaction for those in the Human Partner conditions)
and agency item (feelings, thinking, epistemic knowledge, moral knowledge, friend,
and sensing) as independent variables and participant as a random intercept. Any
follow-up comparisons use Bonferroni corrections.

We found a main effect of agency item, x?(5) = 282.95, p < .0001, but we did
not find a main effect of Interaction, x?(1) = 1.93, p = .165. We found a significant
interaction between Interaction and agency item, x?(5) = 35.34, p < .0001, such that
adults who had played the game with the robot were more likely to say that the robot
can think (M = 0.67, SD = 0.77) than adults who did not play the game with the
robot (M = 0.25, SD = 0.46), t(994) = 4.29, p = .0006, d = 0.14, 95% CI (0.07,
0.20). We did not find a significant difference in Interaction for the other agency
items, ps > .224.

We then looked at whether adults’ ontological status judgment (is the robot more
like a person or a computer?) differed between adults’ who had prior interactions with
the robot and adults’” who had no prior interactions. We ran a Linear model with
Interaction as the independent variable. Any follow-up comparisons use Bonferroni
corrections.

We found a main effect of Interaction, F(1, 166) = 12.38, p = .0006, 1712, = 0.07,
such that adults who had played the game with the robot rated the robot more like a
person (M = 0.57, SD = 0.90) than adults who did not play the game with the robot
(M = 0.18, SD = 0.49), t(166) = 3.52, p = .0006, d = 0.27, 95% CI (0.12, 0.43).

In an exploratory analysis, we also compared adults’ judgments of the robot they
played with to children’s judgments. We ran a general linear model for each agentic
capability, comparing age group (adults, 6-7-year-old children, and 4-5-year-old chil-
dren), controlling for Response type. We found that adults were less willing to say
the robot has feelings, could think, know the difference between good and bad, and

be their friend than both younger and older children, ps < .013. Adults were also less
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willing to say that the robot could see and hear than younger children, p = .008, but
not less than older children, p = .067. Adults and children of both age groups did
not differ in saying that the robot knew the answers to questions, ps = 1.00. Finally,
adults said the robot partner was less like a human than older and younger children,

ps < .0006.

Explanation Responses

After the game, adults were asked why they thought the partner started to give them
the wrong answers and adults’ open-ended responses were categorized. The majority
of adults referenced the study design in their explanations (e.g., “to measure how
long I trusted a robot”) in all of the conditions (32.1% - 50%). For the purposes of
this paper, we focused on the rate of responses that references Intention: either not
intentional (e.g., “it was an accident”), intentionally harmful (e.g., “he tried to trick
me”), intentionally helpful (e.g., “she wants us to think for ourselves”), or neutrally
intentional (e.g., “he wanted me to stop trusting him”). See Table A.4 for the rate
of responses for each Response condition. We also report the rate of responses for
the other categories in Table A.5. For each of the Intention responses, we ran sep-
arate Logistic Models with response category as the independent variable and with
Partner type and Response type as the dependent variables. Prior analyses found no
significant interaction effects, so it was not included in the final models.

No adults referenced the partner’s lack of intention in the Robot Partner conditions
or in the Uncooperative Response conditions. Due to this lack of variation, we could
not run main effects of Partner type or Response type. Instead, we simply compared
adults’ reference to lack of intention in the Human Mistaken (25%) and the Human
Apologetic (21.4%) conditions to 0. We found adults reference to lack of intention in
these conditions were significantly different from 0, ps = .004, suggesting that adults

were more likely to reference the partner’s lack of intention in the Human Mistaken
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and Human Apologetic conditions than the Human Uncooperative condition and more
than any of the Robot conditions. For referencing helpful intent or neutral intent, we
did not find any main effects of Partner type or Response type, ps > .083.

For referencing harmful intent, we found a main effect of Partner type, (1) =
5.31, p = .021, such that adults were more likely to say that the human partner
had harmful intentions (17.9%) than the robot partner (7.1%), OR = 3.37, 95% CI
(1.14, 9.95). We also found a main effect of Response type, x%*(2) = 24.10, p <
.0001, such that adults were more likely to reference the partner’s harmful intention
in the Uncooperative condition (30.4%) than the Mistaken condition (3.6%) and the
Apologetic condition (3.6%), ORs = 12.87, 95% CIs (1.95, 84.87), ps = .004. We did
not find a significant difference between the Mistaken condition and the Apologetic

condition, OR = 1.00, 95% CI (0,09, 11.60), p — 1.00.

Table A.4: Percentage of adult referencing the agent’s intention (either lack of, neutral,
helpful, or harmful) to give the wrong answers, for each Agent type and Response type.

Partner Response Not Intent. Neutral Helpful Harmful
Robot  Mistaken 0 3.6% (1) 0 0

Robot  Apologetic 0 3.6% (1) 3.6% (1) 0

Robot  Uncooperative 0 10.7% (3) 7.1% (2) 21.4% (6)
Human Mistaken 25% (7) 7.1% (2) 0 7.1% (2)
Human Apologetic 21.4% (6) 3.6% (1) 3.6% (1) 7.1% (2)
Human Uncooperative 0 0 3.6% (1) 39.3% (11)
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Table A.5: Percentage of adults referencing the study design, the agent’s mechanical
properties, the agent’s competence, the game difficulty, blaming themselves, restating the
agent got the question wrong, or any other uncategorized response. Percentages are grouped
by Agent type and Response type.

Partner Response Study Mech. Comp. Game Self Wrong  Other

Robot  Mistaken 39.3% 35.7% 21.4% 0 0 3.6% (1) 14.3%
(11) (10) () (4)

Robot  Apologetic 42.9% 32.1% 21.4% 3.6% (1) 0 0 3.6% (1)
(12) (9) (6)

Robot  Uncooperative 32.1% 32.1% 0 0 3.6% (1) 0 3.6% (1)
(9) 9)

Human Mistaken 50% (14) 3.6% (1) 25% (7) O 0 0 3.6% (1)

Human Apologetic 46.4%  3.6% (1) 28.6% 0 0 0 7.1% (2)
(13) (8)

Human Uncooperative 46.4% 3.6% (1) 0 0 0 0 7.1% (2)
(13)
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Appendix B

Is Someone There Or Is That The
TV? Detecting Social Presence Using

Sound

As robots increasingly occupy user-facing roles in everyday environments, new tech-
nical challenges arise that can lead to frequent failures if left unaddressed. While this
dissertation focuses on investigating how users perceive and respond to robot failures,
developing technical tools and algorithms to help prevent and mitigate failures is sim-
ilarly important. In home settings, for instance, context-aware tools can assist social
robots in accurately interpreting the social context of their environment and aiding
them in their decision making. Without this capability, robots may behave in ways
that users perceive as inappropriate (e.g., interrupting at times when interaction is
undesired).

This chapter! focuses on the classification between audio that includes a) natural

conversation that includes at least one co-located user and b) media that is playing

!Portions of this chapter were published as: Nicholas C. Georgiou, Rebecca Ramnauth, Em-
manuel Adniran, Michael Lee, Lila Selin, and Brian Scassellati. (2023). Is Someone There or Is
That the TV? Detecting Social Presence Using Sound. In ACM Transactions on Human-Robot
Interaction (THRI), Volume 12, Issue 4, Article No. 47, Pages 1-33. [85]

130



from electronic sources and does not require a social response, such as television
shows. This classification can help social robots detect a user’s social presence using
sound. Social robots that are able to solve this problem can apply this information to
assist them in making decisions, such as determining when and how to appropriately
engage human users. We compiled a dataset from a variety of acoustic environments
which contained either natural or media audio, including audio that we recorded
in our own homes. Using this dataset, we performed an experimental evaluation
on a range of traditional machine learning classifiers, and assessed the classifiers’
abilities to generalize to new recordings, acoustic conditions, and environments. We
conclude that a C-Support Vector Classification (SVC) algorithm outperformed other
classifiers. Finally, we present a classification pipeline that in-home robots can utilize,
and discuss the timing and size of the trained classifiers, as well as privacy and ethics

considerations.

B.1 Introduction

Imagine you are walking around the house when you stumble upon a door that is
slightly ajar—opened just enough so that you can hear, but not see, what is going on
inside. Opening the door to see if it is appropriate or not to enter is self-defeating.
If you do not hear anything, it is very difficult to make any judgments. Suppose,
however, that you hear human speech from behind the door. This piece of information
can give you insight and can help you in your decision-making.

However, knowing that there is human speech is not enough. Many lower-level
characteristics, as well as higher-level conceptual components of this speech, might
be important factors in your decision. Do you recognize the voices? Does the speech
sound serious or is it more lighthearted? Is there shouting or is the tone normal?

What emotions can you detect from the speech? How many people can you hear? If
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you hear two friendly sounding people having a chat, you might be more inclined to
knock. If you stop by to relay a message, and you hear yelling coming from the room,
it is probably best to steer clear for now. But, imagine that the yelling is from an
enthusiastic sportscaster describing a sporting event or that the serious tone that you
hear is from a dramatic soap opera. You might make a different decision if you know
that the speech is coming from a television show rather than from physically present
people in the room conversing. This is an important component of the speech that
will influence your understanding of the situation and can affect how you interact, if
you do.

Similarly, a social robot that is designed to interact with users in realistic and
appropriate ways should have the ability to make this disambiguation. The robot
can benefit from knowing whether the speech coming from behind the door is from
a physically present human socializing. More generally, knowing when speech is a
product of at least one co-located person conversing, or not, can assist social robots
in making inferences about users’ activities and can help them accommodate their
users through a better understanding of their environments. This chapter focuses
on whether there is (1) natural conversation occurring that includes at least one co-
located user or (2) media playing from electronic sources that does not require a social
response. These are common speech scenarios in the home which can assist the robot
in detecting the social presence of a user through what the robot hears.

In practice, we imagine countless settings where the ability to make such a clas-
sification could be utilized by robots to assist them in accomplishing their goals. For
example, a social companion robot in the home may decide to engage a co-located
user with a supportive, social interaction if it infers that the user is upset, as opposed
to if it knows the speech is media. A robot assisting people with Autism Spectrum
Disorder may not interrupt when a user is engaged in natural conversation (to encour-

age social interaction), but may attempt to engage if it suspects the user is watching
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too much media. A customer service robot may decide whether or not to head in the
direction of customers chatting in a store or may choose to disregard the speech if it
is coming from a TV. An in-home robot may reach out for external assistance if a
user is distressed, but may not if it realizes the speech is from an action movie on TV.
Depending on the end goals of the system, the robot can use such a classification,
along with other prudent factors, to help it in making decisions.

To precisely characterize the differences between audio from natural and media
scenarios is a challenge. Both of these audio categories contain human voices. Both
categories contain diverse audio with similarities that make it difficult to quantify
how we, as humans, usually know which of the two we are listening to. One potential
discriminatory criterion, for example, is the speech patterns in the scripted conver-
sation of television shows as opposed to the more spontaneous nature of impromptu
conversation. This could be sufficient for categorizing a sitcom as media, but this does
not help us in correctly classifying a radio podcast where the host is casually inter-
viewing a guest. One could also try to make this classification based on if they hear
cleanly engineered audio, like that produced in a studio, versus the noisy, distorted
natural audio environments of everyday life. This can help with correctly classifying
a TV show or movie played on a good sound system as media, but will not help when
listening to sports, which involve crowd and audience noise. Solely detecting the
presence of electronically sourced audio (i.e., coming from the speakers of a computer
or television) is also not enough. Video calls with friends are natural situations in
which there is electronic-sourced audio, along with at least one organically-sourced
(i.e., coming directly from human vocal cords) speaker playing an active role in the
conversation. If we know that some part of the audio is organically sourced, we can
be sure that there is a co-located, physically present person talking. But, it can
sometimes be tough to know if this is the case, especially if electronic audio sounds

natural (e.g., conversational) and is played on a high-quality sound system. Making
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the classification between audio that is natural or media is hard.

For this chapter, we focus on being able to classify between natural and media
audio from the dynamic environment of the home. We focus on differentiating be-
tween speech from popular genres of media that is originating from loudspeakers
and speech from natural conversations including at least one co-located person in
the home. Ideally, robots in real-world environments would have the ability to make
this classification, regardless of the acoustic environments they are in (e.g., different
rooms, different loudspeakers, distances from the audio source) and the different audio
content that they hear (e.g., different voices, different TV /radio shows, background
noise). Social roboticists that deploy robots in the home and intend to use audio to
make decisions on how their robots interact with users can benefit from this work.

Our main contributions are:

e Describing a salient audio problem that social robots in the home face: the
classification between a) natural conversation including at least one co-located
user and b) media playing from electronic sources that does not require a social

response

e Training classifiers® that use in-home audio to differentiate between natural
and media, and evaluating how well the classifiers generalize to new recordings,

acoustic conditions, and environments

e Proposing a classification pipeline that can provide additional, situational con-

text to a social robot by assisting it in detecting social presence using sound

The organization of the chapter is as follows: Section B.2 offers background and
related work. Section B.3 describes the methodology in collecting the dataset, in
selecting and extracting features of the audio, and in selecting the classification algo-

rithms. Section B.4 describes the experiments used to test the generalizability of the

2A link to our trained models and the code used to create the input feature vectors for our models:
https://github.com/ScazLab/social-presence-sound
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classifiers, and discusses the results. Section B.5 discusses how these classifiers can be
applied in practice, with details on timing and size of each, a proposed classification
pipeline, and a discussion on ethics and privacy considerations. Section B.6 discusses

some limitations of the work and Section B.7 concludes the work.

B.2 Background

According to a recent U.S. Bureau of Labor Statistics survey [264], watching television
was the most popular and time-consuming leisure activity in an American’s average
day, with people spending close to three hours watching TV. In comparison, activities
such as eating, drinking, socializing, and communicating amount to approximately
two hours total a day. These everyday domestic situations involve humans engaging
with media (e.g., watching television) or natural situations (e.g., participating in a

conversation at the dinner table).

B.2.1 In-Home Virtual Assistants

Popular virtual assistants, such as Amazon’s Alexa, have already been integrated
into many homes around the U.S. They use audio-based techniques that make them
effective in the household. Source localization approximates the origin of audio input
and wake-word detection [142] prompts sending the speech command to the cloud
for natural language processing [145]. These features inform the assistant’s decision-
making policy to effectively and appropriately respond [204, 177]. These in-home
systems do not incorporate much, if any, contextual awareness of their surroundings
[214]. In fact, these systems typically require specific and explicit user prompts to
engage them (e.g., “Alexa”). Because these systems are user-initiated, the detection
of social context is much less necessary. Yet, for systems designed to interact with

users autonomously, the ability to garner context about the environment is crucial
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[174].

We believe that virtual assistants can also benefit from the ideas presented in this
chapter, especially if developers believe there is value in additional functionality that
includes behaving more socially and independently. Although we will focus on social
robots in this chapter, we note that social presence through sound can be of use to

any device in the home that could utilize such context to help it make decisions.

B.2.2 Using Audio for Activity and Event Detection in the

Home

Automatic recognition of user activity in dynamic, unstructured environments, like
the home, is important for systems whose primary purpose is to support their users
through social means. Having some understanding of a user’s activity and social
context can help the system in its decision making.

Audio scene classification (ASC), or the identification of the environment or activ-
ity based on acoustic signals, is important for robotics and can help better facilitate
human-robot interaction [16]. ASC has become a trending topic with growing interest
because of the advent of smart homes and robots |65, 283, 265]. In recent years, audio
analysis capabilities have been added to assistive robotic systems, such as the TTAGo
service robot [93] and RiSH, a robot-integrated smart home for elderly care [63], with
the goal that audio will provide more contextual awareness. Work for audio analysis
in the home includes activity detection specific to helping the elderly by detecting
falls [210] or by identifying common activities, to help medical staff monitor people
who utilize ambient assisted living services [6, 206, 60]. Audio scene classification
has also been used in the context of differentiating between specific kitchen sounds
like the mixer, dishwasher, and utensils clanking [265|, bathroom sounds like shower-
ing, washing hands, and flushing [47], breathing or snoring [72|, or common sounds

including keyboard typing, applause, and phone ringing [255|. Traditional machine
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learning classifiers have been used for these classifications with success.

Work has also been done that involves classifying in-home audio with the help of
humans-in-the-loop. Some of this work includes human-assisted sound event recog-
nition for home service robots for the elderly, where a human caregiver helps provide
a robot with in-the-loop labels to non-voice sounds, in order to help a robot actively
learn auditory events [62]. Additional work has used audio to classify different rooms
in the home, like the kitchen and office, and also discriminated between nonverbal
sounds like clapping and one-word speech scenarios [178].

The research area of voice activity detection (VAD) looks to classify between
audio that contains speech and non-speech [99]. Research has been done to use noise
cancellation to better implement VAD on smart home devices [108]. Other VAD
work includes enhanced speech detection for humanoid robots in sparse dialogue [125]
and robust classification between speech and non-speech [212] in noisy environments.
Work has been done to recognize emotional states from speech using a support vector
machine [242|, to separate speech from music [4], and to detect and classify noises in
speech signals [186].

There has also been research looking into how to accurately discriminate between
speech commands produced from an electronic speaker from organic human speech
[29]. This approach was discussed in the context of cybersecurity to better identify
replay attacks of certain commands on Internet of Things devices, by focusing on
determining the origin of pre-written speech commands, but does not focus on in-
home, noisy experimentation.

Our work presents a new tool that can be used by robots in the home to gather
more social context about a user’s social presence through sound, when presented
with human speech. The classification between natural and media that we focus on
in this work encapsulates common speech scenarios in the home, that can give insight

into people’s activities. Our experimentation focuses on real-world audio recorded
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in noisy, in-home environments, and this work adds to the research area of activity

detection in a dynamic environment.

B.2.3 Audio Classification of Media

Work has also been done in the classification of different forms of media. Audio
information has also been utilized when researching genre classification in different
forms of media. Music information retrieval methods have explored classifying songs
into genres such as pop, rock, or blues [263, 22| and television media classification
has classified videos into genres such as cartoons, news, or weather forecasts [66].
A key aspect of many of these media approaches, along with the in-home activity
detection of Section B.2.2, involves extracting time and frequency domain features
(e.g., spectral contrasts, spectral roll-offs, Mel-Frequency Cepstral Coefficients, or
chroma features) from the overall audio signal and using these features to inform
and train machine-learning classification algorithms. We build on this work by using
similar features in our analysis, and discuss more background and motivation of the

feature selection in Section B.3.2.

B.3 Methodology

In this section, we describe how we (a) compiled an audio dataset containing the
natural and media classes, (b) extracted features from each audio sample, and (c)
selected the machine learning classifiers that we experimented with. We define two
terms that we will be using throughout this chapter. First, when discussing a sample,
we are referring to a 5-second segment of audio that has been recorded and is used
in feature extraction. A recording is a collection of contiguously captured samples

during a given time window.
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B.3.1 Audio Sample Collection

We collected audio content from various television genres and radio shows (sound
from electronic speakers) and human speakers (sound from human voices). The final
dataset contained approximately 30 hours of audio recordings, and was well-balanced
between the media and natural classes.

Both categories were recorded on Kinect One microphones. This was important
because any decisions made by a machine learning classifier would be able to focus
on the difference of the audio content, rather than discrepancies caused by different

recording hardware.

Media Recording Set

Our media (M) recording set consisted of a variety of TV shows or radio recordings,
that we recorded on the Kinect One3. We focused on collecting audio recordings from
popular television genres, which include drama, comedy, participatory /reality, news,
and sports [278], as well as audio from radio shows. This category was recorded in
different rooms, using a variety of electronic speakers?, with the microphone capturing
audio at varying distances from the speakers, during different contiguous time win-
dows. Recording during different time windows allowed for different background and
ambient noise to be captured as a part of the various recordings. All audio recordings
were recorded at a rate of 16 kilohertz (kHz) in the waveform audio file format (.wav).

Each room, speaker, and microphone position configuration is referred to as its
own unique label. These different recording configurations emulate a variety of record-

ing conditions that an in-home agent might face. The distribution of the audio in each

3We recorded the media recordings being emitted through electronic speakers, instead of inputting
the media audio file directly into the classifier, because this is how a robot in the home would be
capturing the media audio.

4The specific speaker models are as follows: Bose SoundLink 359037-1300 Mini Bluetooth Speaker
(Bose), MacBook Pro 13" (Mac), iPhone 11 Pro (iPhone), Bose Wave Music System II (BigBose),
40" Eco Bravia VE5 Series LCD HDTV (SonyTV)
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Table B.1: Media Data Set Composition

Label | Room | Speaker | Kinect Distance | Total Samples | Recordings
A Bedroom Bose 1ft 617 6
B Bedroom Bose 9 ft 852 7
C Bedroom Mac 6 ft 2075 11
D Playroom Bose 1ft 627 5
E Playroom Bose 5 ft 517 9
F Playroom Bose 10 ft 332 3
G Playroom | iPhone 1ft 423 3
H Playroom | iPhone 4 ft 372 2
I Kitchen Bose 9 ft 543 2
J Kitchen | BigBose 9 ft 1185 5
K Kitchen | SonyTV 4 ft 1432 2
L Kitchen iPhone 6 ft 201 1
M Kitchen Mac 6 ft 551 3
N Kitchen Mac 1 ft 411 1

label can be seen in Table B.1. There are 60 media recordings in our dataset, with a

total of 10,138 samples, for around 14 hours of audio. Depending on the experiment

that we performed, a different split of the recordings in the media set was used as

training and testing data (explained in more detail in Section B.4).

Natural Recording Set

The natural recording set can be broken down into three categories: CHIMES5 (C),

Video Calls (V), and Family Conversations (F).

Natural Audio from CHiME5. Category C recordings were comprised of content

from the CHiME-5 dataset [20], available online. CHiME-5 contains audio captured

from dinner parties in different houses. Each dinner party involved a different group

of four people, who were told to engage in natural conversation in the house’s kitchen,

dining room, and living room for at least 2 hours.

Category C contained audio from 10 different CHiME-5 sessions. Each session

contained audio from six Kinect microphone arrays, placed in different locations (bed-
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room, kitchen, living room) in each home, with audio input from each channel of each
microphone. We used audio from the different Kinect microphones within the same
dinner party in our dataset because we wanted a diverse set of audio captured from
different locations with varying acoustic properties. For the C category, we consid-
ered a recording to be all of the audio collected from a unique CHiME-5 session. The
CHiME-5 audio files were in the waveform audio file format (.wav), with a recording
rate of 16kHz. We chose CHiME-5 because it captured natural, social scenarios that
one can expect to find in a home environment. We input the CHiME-5 files directly
into the classifier because this is how natural audio would be captured by the robot.
In total, category C contained 10,130 samples (1013 samples per recording). This
sample number is equivalent to approximately 1.4 hours per CHiME-5 session, for a
total of almost 14 hours of audio. Samples from the C category were used as our
natural training data.

Natural Audio from Our Home Environments. We also captured natural audio
from our own homes. We had Institutional Review Board approval to record audio
in homes and to extract and analyze acoustic features. There were two categories
that we experimented with, involving natural scenarios from 6 rooms in 3 different
homes. We left a recording microphone in locations that we deemed appropriate for
an in-home robot or device to be placed, recorded audio, and later inspected the
audio. Audio from these two categories was used as our natural testing data.

Category V captured audio from video calls taking place in a home’s office, dining
room, and living room. These recordings involved conversations between members of a
family consisting of two children and three adults. Members of the family congregated
in their dining room and spoke over a video call on a laptop and phone using Zoom or
Facebook Messenger. The calls were all on speaker. As a result, voices were variably
distant from the microphone and the recordings captured by the Kinect included a

mixture of voices coming from an organic source (the person in the same room as the
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Kinect microphone) and from electronic sources (the people on the video call). The
same person was physically in the room with the Kinect for each of these recordings.
Category V included six separate recordings, with a total of 917 samples.

Category F consisted of audio collected from family conversations in kitchens
and living rooms, in three different homes. The microphone was placed close to
where people were dining and conversing. An example location for the microphone
was on a counter in an open, spacious kitchen. The kitchen recordings included
some background noises such as the running sink, clanking utensils, and plates and
glasses moving, while the living room recordings happened with little to no noise in
the background. Category F included 965 samples and seven separate recordings,
including voices from 11 different people.

There are multiple reasons that we decided to also collect natural audio that we
recorded ourselves, despite having an extensive corpus of in-home, natural audio from
CHIiMES5. Even though we tried to collect our media sample set with similar recording
characteristics (i.e., microphone and sampling frequency) to CHIMES, we wanted to
see whether or not classifiers trained solely on CHiME-5 could generalize to classifying
other natural audio from outside of that corpus. This could show that these classifiers
are able to correctly disambiguate between natural and media recorded by us, and that
that the classification is not just a result of some discrepancies in how CHiME-5 was
collected and how we recorded our audio. Lastly, we wanted to be able to experiment
with the case of social presence that includes a mixture of electronic audio and organic-
sourced natural audio, captured in the V dataset. This circumstance indicates social
presence because at least one user that is co-located with the robot is engaged in a
natural conversation, while chatting on a call with others. Samples from the V and

F categories were used as our natural testing data.
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B.3.2 Feature Extraction

We split our entire audio dataset into 5-second samples. From each sample, we
extracted features to create an input vector that was used to train machine learning
classifiers. We used the LibRosa Python package [180] to extract audio features.
These are commonly used features in audio analysis (as mentioned in SectionB.2.3),
which was the motivation for using them.

In total, 83 features were extracted from each audio sample. We performed a
standard transformation of each feature to normalize the feature set. The input

vector contained the features below for each audio sample:

e Mel-frequency cepstral coefficients (MFCCs): These are dominant features that
have been historically used in speech recognition and they have been explored
in separating music and speech [166]. Tt is typical that 13 coefficients are used
for speech representation [263|, so we use the means and standard deviations

for each of the first 13 coefficients over the sample, for a total of 26 features.

e Chroma Energy Normalized Statistics (CENS): These are features that have
been used in audio analysis research to match similar audio [192]. There are 12
chroma classes and we use the mean and standard deviation for each chroma

class over the sample, for a total of 24 features.

e Root-mean-square (RMS) energy values: Energy features are commonly used
in audio analysis, with some prior work finding that the combination of energy

with MFCC is better than using MFCCs alone [109]. We use the range, standard

deviation, and skewness of this feature, for a total of 3 features.

e Zero-crossing rates: These are features that are commonly used in audio anal-
ysis [66] and can help provide a measure of noisiness of the audio sample [263].

We use the mean, standard deviation, and skewness, for a total of 3 features.
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e Tempo: This feature estimates the beats per minute in the audio sample. The
motivation behind adding this is that music from TV or radio commercials
typically have more tempo than conversational audio in the home. This is 1

feature.

e Spectral centroid, flatness, rolloff, and bandwidth: These are also commonly
used low-level components of the audio signal [53, 263]. We use the mean,

standard deviation, and skewness for each, for a total of 12 features.

e Spectral contrast: These are features that have been shown to discriminate
among different music genres [109], so we use the means and standard deviations

for seven sub-bands, for a total of 14 features.

Note that none of these features involve transcription or semantic representation of
dialogue/words in the audio environment. This way, the audio is translated into
a machine readable format that has little to no meaning to a human, as opposed
to words, which are used in lexical analysis in Natural Language Processing. This
is an arguably less invasive and more privacy-sensitive approach than using words,
especially if the robot is intending on sending the input vector to the cloud to be

analyzed.

B.3.3 Classification Algorithms

In our experiments to determine if our classification problem can be solved, we trained
and tested different models with six traditional machine learning classification algo-
rithms, using the sci-kit learn Python library [209]. These are commonly used algo-
rithms for audio classification tasks (see Section B.2 for more details). We performed
an experimental evaluation of various approaches, to see which classifiers would be

best suited to tackle the problem. We experimented with the following algorithms:

e KNeighborsClassifier [74]
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DecisionTreeClassifier [35]

QDA (Quadratic Discriminant Analysis) [103]

LogisticRegression [291]

GaussianNB (Gaussian Naive Bayes) [290]

SVC (C-Support Vector Classification) [69, 45]

We use these traditional classifiers instead of deep learning techniques, which have
gained popularity in recent years in the audio analysis space, for multiple reasons.
First, our dataset is modestly sized, and traditional ML algorithms have a much better
chance at performing successfully than deep learning when the dataset is not very
large. Second, we know the feature space that we want to use for this classification
task. Lastly, we are hoping to be able to use these trained classifiers on real-time
systems, so the response time needs to be quick and the complexity and space taken
by the classifier needs to be reasonable (many social robots have limited compute
power).

A gridsearch on each classification algorithm measured what hyperparameter com-
bination was the best for each algorithm on our first experiment (described in Section
B.4). The different hyperparameter combinations for each classifier that were ex-
perimented with can be found in Section B.4. The hyperparameters that led to the
highest performance, and were subsequently selected for the classifier in all of the

following tests can be seen in Section B.5.

B.4 Experiments and Results

In this section, we describe how the various classifiers performed on experiments that

tested the classifiers’ abilities to generalize to novel recordings, environments, and
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conditions. We test how well classifiers perform on a leave-one-recording-out cross
validation, where we test on recordings that were left out of the training set. We also
test how well the classifiers generalize to classifying natural recordings from outside
of the training corpus and to media recordings from (1) rooms, (2) speakers, (3)
microphone positions, and (4) combinations of all three, that they were not trained

on.

B.4.1 Leave-One-Recording-Out Cross Validation

We performed an evaluation similar to a leave-one-out cross-validation (LOOCYV),
but in our case, leave-one-recording-out cross-validation (LOROCV)?. To perform
LOROCYV, we trained models using natural recordings from our CHiME-5 cate-
gory (C) and media recordings from our media (M) recording set. For each fold
of LOROCYV, we trained on all recordings except for one from C and one from M. We
did this for all possible pairs of recordings from C and M, which resulted in 600 folds
(the Cartesian product of the 10 recordings in C and the 60 recordings in M). For
each fold, we tested our classifier on the 1) left-out {C,M} recording pair, 2) left-out
M recording and natural audio sampled from V, 3) left-out M recording and natural
audio sampled from F, and 4) left-out M recording and natural audio sampled from
both F and V. Because recordings can be of different lengths, we randomly sampled
from the larger recording to match the size of the smaller recording. This ensured
that we had balanced test sets each time.

The metrics that we recorded for all of our experiments are below. TP is a true

positive, TN is a true negative, FP is a false positive, and FN is a false negative.

5A conventional splitting of all of the samples into a train, test, and validation set would not
be very insightful because many of our data samples were part of the same contiguously recorded
audio clips (recordings). For any given recording in our dataset, there were at least 15 samples
that were a part of the same original audio recording. When randomly shuffling the dataset for the
train/test /validation splits, it is likely that some of a recording’s 5-second samples land in each of
the folds and the test and validation sets. Since audio from the same recording is inherently similar,
we performed a cross validation per recording.
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e Accuracy=(TP+TN)/(TP+TN+FN-+FP)

e Precision = TP/(TP+FP)

e Recall = TP/(TP+FN)

e F'1 Score = (2*Precision*Recall)/(Precision+Recall)

We recorded the precision, recall, and F1 scores for both the media and the nat-
ural classes (i.e., we treated both as the positive class). Both the macro averages
(arithmetic mean) and micro averages (weighted average) were recorded across all
folds. The full results for LOROCYV can be found in Table B.17 in Section B.10, with
a summary in Table B.6 in Section B.9.

With LOROCV, we test on natural audio from left-out CHIME-5 sessions (new
voices and rooms from new homes within the CHiME-5 corpus), or better yet, on
natural audio from the V or F categories that we recorded ourselves. We also test
on unseen media recordings that the classifiers have not trained on and that we
have recorded ourselves. This provides insight into how the trained algorithms can

generalize to classifying novel recordings of media and natural audio.

B.4.2 Leave Out Rooms, Speakers, and Microphone Positions

in the Media Set

We can gain further insight into how robustly the classifiers can differentiate between
natural and media audio, if media in the training set contains recordings from different
acoustic conditions (e.g., rooms, loudspeakers, microphone distances) than media in
the testing set. In the experiments in this section, we evaluate how our classifiers
perform when toggling which condition(s) of the media recording set to leave out of
the training set. We also use the natural audio from the C category to train our

models. We test on the natural V and F categories that we recorded ourselves and
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on the left-out media.

We left all of the media samples of a specific (1) room, (2) speaker, (3) microphone
position, or (4) combinations of the three, out of the training set, and tested on the
left out media samples and on natural samples from the V and F test categories. We
matched the number of media samples in the training set with an equally distributed,
random sample of 5-second samples from each natural recording in category C. We
randomly sampled from all of the recordings in the larger test subset to match the
size of the smaller subset. This ensured that we had balanced test sets each time. We
recorded the micro and macro averages of precision, recall, and F1 scores for both the
media and natural classes, as in LOROCV. The following paragraphs describe each
experiment that we performed.

In Leave One Label Out (LOLO), we wanted to see how well classifiers would
perform when they trained on media from specific labels, or specific room, speaker,
and Kinect distance configurations (see Table B.1), along with natural from category
C, and then were tested against configurations that they were not trained on. We
performed a Leave One Label Out (LOLO) experiment on all labels of our media data,
where we trained different models using all the recordings from all combinations of
labels, and tested against the held out labels. The left out media data at each fold was
tested along with natural audio from the category V, F, and V+F datasets. The full
results for each classifier can be found in Table B.16 of Section B.10, with a summary
in Table B.7 of Section B.9.

In Leave One Room Out (LORO), we wanted to see how well classifiers would
perform when they trained on media from specific rooms, along with natural from
category C, and then were tested against media from a room they had not trained
on. This is important because each room has a different acoustic environment and
layout. The classifiers should be able to make accurate predictions regardless of if

they have trained on audio from the room in which they are deployed. In LORO,
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classifiers test on media recordings from a room that they have not trained on, but
the test set includes loudspeakers and microphone distances that they have trained
on. The left out media data at each fold was tested along with natural audio from
the category V, I, and V-+F datasets. The full results for each classifier can be found
in Table B.19 of Section B.10, with a summary in Table B.10 of Section B.9.

In Leave One Speaker Out (LOSO), we wanted to see how well classifiers would
perform when they trained on media from specific loudspeakers, along with natural
from category C, and then were tested against media from loudspeakers they had
not trained on. This is important because each loudspeaker has different hardware
properties and the classifiers should be able to make accurate predictions regardless
of if they have trained on audio from the loudspeaker from which they hear audio.
In LOSO, classifiers test on media recordings from a loudspeaker that they have not
trained on, but the test set includes rooms and microphone distances that they have
trained on. The left out media data at each fold was tested along with natural audio
from the category V, F, and V+F datasets. The full results for each classifier can be
found in Table B.18 of Section B.10, with a summary in Table B.9 of Section B.9.

In Leave One Distance Out (LODO), we wanted to see how well classifiers would
perform when they trained on media from certain microphone distances from a loud-
speaker, along with natural from category C, and then were tested against media
from microphone distances they had not trained on. This is important because the
robot might be at variable distances from the sound source. In LODO, classifiers test
on media recordings from a microphone distance that they have not trained on, but
the test set includes loudspeakers and rooms that they have trained on. The left out
media data at each fold was tested along with natural audio from the category V, F,
and V+F datasets. The full results for each classifier can be found in Table B.19 of
Section B.10, with a summary in Table B.10 of Section B.9.

In Leave One Room and Speaker Out (LORSO), we wanted to see how well
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classifiers would perform when they were tested on media rooms and speakers that
they had not trained on. This is a more robust test than the previous ones. In
LORSO, classifiers test on media recordings from a room and speaker that they have
not trained on, but the test set includes microphone distances that they have trained
on. The left out media data at each fold was tested along with natural audio from
the category V, F, and V+F datasets. The full results for each classifier can be found
in Table B.20 of Section B.10, with a summary in Table B.11 of Section B.9.

In Leave One Room and Distance Out (LORDO), we wanted to see how well
classifiers would perform when they were tested on media rooms and microphone dis-
tances that they had not trained on. In LORDO, classifiers test on media recordings
from a room and microphone distances that they have not trained on, but the test
set includes microphone distances that they have trained on. The left out media data
at each fold was tested along with natural audio from the category V, F, and V+F
datasets. The full results for each classifier can be found in Table B.21 of Section
B.10, with a summary in Table B.12 of Section B.9.

In Leave One Speaker and Distance Out (LOSDO), we wanted to see how well
classifiers would perform when they were tested on media speakers and microphone
distances that they had not trained on. In LOSDO, classifiers test on media recordings
from a loudspeaker and microphone distances that they have not trained on, but the
test set includes rooms that they have trained on. The left out media data at each
fold was tested along with natural audio from the category V, F, and V+F datasets.
The full results for each classifier can be found in Table B.22 of Section B.10, with a
summary in Table B.13 of Section B.9.

In Leave One Room, Speaker, and Distance Out (LORSDO), we wanted to see
how well classifiers would perform when they were tested on media speakers, rooms,
and microphone distances that they had not trained on. This is the most challenging

test that we perform for the classifier. In LORSDO, classifiers test on media recordings
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from a room, loudspeaker, and microphone distance that they have not trained on.
The left out media data at each fold was tested along with natural audio from the
category V, F, and V+F datasets. The full results for each classifier can be found in
Table B.23 of Section B.10, with a summary in Table B.14 of Section B.9.

Table B.2: Experiment Summary. The table shows the average of the macro average F1
scores ((Fhatural + Fmedia)/2) for each classifier across all folds of each experiment. The
table shows the average results of the trained classifiers being tested on the left out media
sets along with natural recordings from the V and F categories. The classifier with the best
average performance on each test set and experiment is in bold. More comprehensive results
can be found in Sections B.9 and B.10.

Experiment Test Set KNN QDA DT GNB LR SvcC

V-+M 94.5 89.0 87.9 86.0 87.9 91.3
LOROCV F+M 87.1 99.5 98.9 96.2 98.9 96.6
F+V4M 91.3 93.3 92.8 90.5 92.8 93.7

V+M 78.5 99.3 96.0 90.4 91.7 93.1
LOLO F+M 85.6 88.8 77.9 82.4 82.9 90.4
F+V+M 82.5 93.4 85.8 85.5 86.4 91.7

V4+M 77.4 99.2 94.3 81.0 85.0 94.9
LORO F4+M 83.1 86.1 75.1 83.5 82.7 86.5
F+V+M 80.4 92.6 84.8 82.9 84.5 90.6

V4+M 76.9 98.5 99.0 93.8 97.1 93.4
LOSO F4+M 83.6 84.4 75.2 80.7 84.3 87.5
F+V+M 80.9 91.0 86.6 87.0 90.4 90.3

V+M 78.9 98.8 97.3 91.6 97.8 94.8
LODO F+M 74.3 83.6 63.9 71.6 81.6 84.1
F+V+M 7.7 91.0 81.4 81.8 89.6 89.4

V+M 67.9 86.6 87.9 70.1 85.6 86.3
LORSO F+M 82.1 82.9 78.1 76.7 87.2 88.1
F+V+M 76.1 85.1 83.1 74.9 86.9 87.6

V-+M 70.0 92.5 95.3 78.5 88.8 87.4
LORDO F+M 78.3 86.7 77.9 77.1 89.4  90.5
F+V4M 75.0 89.4 85.8 78.0 89.6 89.5

V+M 76.3 90.9 90.1 85.2 95.3 945
LOSDO F+M 79.1 80.8 76.6 78.3 83.3 84.8
F+V+M 77.9 85.5 82.8 81.4 89.0 89.5

V4+M 65.8 82.4 87.2 70.0 86.5 85.3
LORSDO F4+M 73.0 77.1 72.7 66.7 83.7 85.2
F+V+M 69.9 79.5 79.6 68.2 85.0 85.3

151



B.4.3 Selecting a Classifier

In general, we see that most of the trained classification algorithms perform well on
our experiments. We see that most of the classifiers have average F1 scores in the 90s
or 80s for a majority of the experiments. Table B.2 summarizes the results for all our

experiments, for each classifier.

Results

We see that SVC has the best performance on the most tests throughout our exper-
iments. SVC has the highest average F1 score on 12 out of the 27 tests, with the
highest average F1 score on 7 out of the 12 more difficult tests (where two or three of
the media parameters are left out of the test set in LORSO, LORDO, LOSDO, and
LORSDO). SVC has the highest performance on the F-+V+M test sets on all but one
of the more difficult experiments, and SVC has the highest F1 score on the F+M test
sets for almost all of the experiments. On LORSDO, the most difficult experiment,
SVC has the best performance on two out of three of the tests (V+M and F+M). De-
spite not having the highest scores on V+4M, it does consistently well on the test set,
throughout all of the experiments. Generally, SVC is the most consistent classifier
across the different test sets and experiments, and is always performing with high F'1
scores.

The next best classifier in terms of leading F1 scores is QDA, which has 7 of the
best F1 scores. For QDA, all of these top results come in the first five experiments,
where the training data includes more of the acoustic environment and conditions
than in the last four experiments. QDA performs very strongly on the V+M test sets
and on the F4+V+M test sets for these experiments. This shows that if the training
set has certain qualities similar to the test set, QDA could be a legitimate option
for classifying between natural and media. However, the classifier that performs the

best when the test data is most dissimilar to the training data is SVC. QDA does
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reasonably well, but performs overall worse than SVC in the last four experiments,
especially on the F+M and the F+V+M datasets. QDA could be a good option
alongside SVC if we know that the testing environment and conditions will have
similarities to the training set.

DT has the top average F1 scores on 4 of the tests. DT does very well when
classifying the V+M test set, with high scores on three out of four of the V+4+M tests
in the more difficult experiments. Except for LOROCV, DT performs very well on
the V4+M test sets on all of the experiments. However, there is a significant tradeoff
seen in how well DT performs on the F+M test sets. DT might be very good at
classifying between natural and media with natural video calls and media in the test
set, but does very poorly at classifying natural family conversations. In this regard,
SVC is better overall for its consistency across both the V-4+M and F+M test sets.

LR has the top average F1 score on only 2 of the tests, however we see that LR
is able to generalize well to new media and natural audio. LR performs very well
in many of the experiments, with F1 scores that are close to, albeit slightly worse
than, SVC in most of the experiments. Especially in LORSO, LORDO, LOSDO,
and LORSDO, we see that LR is able to perform consistently well on V and F data,
with scores similar to that of SVC on the F+V-+M datasets. LR does a good job at
generalizing to new environments that it has not trained on for left out media data,
and video calls and family conversations. However, QDA is better than LR when the
training set is more similar to the test set, and SVC is better than LR when the test
set is more dissimilar.

KNN and GNB have the worst performances on our experiments. KNN performs
the best on V4+M in LOROCYV, but besides that, KNN and GNB show substantially
worse performance than the other classifiers. They perform particularly poorly on
LORSDO, which tests how well they can generalize when training on very dissimilar

media data to the test set. We would not recommend KNN or GNB, especially when
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compared to our other trained classifier.

Discussion

Overall, SVC is best able to generalize to new recordings. We see this both in SVC'’s
ability to perform well on natural data that we recorded in our own homes, which was
outside of the natural audio from the CHiME-5 corpus that the model was trained on,
as well as good performance of the classifier to media from loudspeakers, microphone
distances, and rooms that it was not trained on (Table B.23). SVC performs con-
sistently well when tested on in-the-home, natural audio of both video calls (V) and
family conversations (F). SVC performs with accuracies of over 85% on LORSDO,
with recall scores of over 90% for natural V or F audio, and recall of over 81% for media
data from a different room, loudspeaker, and microphone distance than it was trained
on. We believe that SVC is the best classification algorithm that we experimented
with at disambiguating between natural and media. It does the most consistently
well across our tests sets in our experiments, and does the best at generalizing to new
environments and conditions that it has not trained on.

LR also performs well on both of the natural test sets and on many of the exper-
iments, but performs worse than SVC overall. QDA performs very well when tested
against data with some similar characteristics to what it is trained with, but does
more poorly on stricter generalizability tests. DT performs very well on video calls,
but very poorly when tested against family conversations. KNN and GNB do not
perform well.

Since QDA, LR, and SVC all perform well across all of our test sets and exper-
iments, with QDA showing particularly strong performance when the media testing
conditions have some similarities to their training coonditions, it could be an option
to use an ensemble of classifiers in making the natural vs. media prediction. We need

to verify that the classifiers do not take too long to make predictions and that they
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do not take too much space in memory. If these two statements hold true, it could be
reasonable to use all three in predicting natural vs. media. We perform these timing

and size experiments in Section B.5.1.

B.5 Proposed Application

A critical criterion when selecting a classification algorithm is that it can perform
in close to real-time to be suitable for a robot in the home or in the real world. A
robot should provide a naturalistic and intuitive interaction for human users, so real-
time classifications and responses are essential. Taking too much time to analyze the
audio environment, extract features, make predictions, and act on those predictions
may negatively affect the overall interaction. Keeping these factors in mind, we (a)
perform several timing and size tests on various steps of the audio collection and
decision-making process, (b) suggest an overall classification pipeline for a robot to
implement this approach, and (c) present ethics and privacy considerations that were
taken into account for this pipeline. For these timing and size experiments, we train
the classifier on the entire natural C category that we compiled, and all of our media

recordings.

B.5.1 Timing and Size Experiments

We measured the speed of feature extraction and prediction using around 45 minutes
of audio data (540 5-second samples). Extracting features from each of the 540 audio
samples took an average of 0.557 seconds (SD=0.0442 seconds) on a Dell Laptop with
an Intel 15-5200U CPU @ 2.2GHz and 8GB RAM. To measure the average prediction
time for each audio sample, we measured the time that it took to standardize and
predict the entire (540x83) input vector and divided it by 540. The trained standard-

ization scaler had a size of 4 kB. The average prediction times and the sizes on disk
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for each trained classifier can be seen in Table B.3 below.

Table B.3: Classifier Size and Prediction Times

Model | Avg. Prediction Time (ms) | Size (kB)
KNN 2.524 13,545
QDA 0.01064 115
DT 0.00117 12
GNB 0.00312 4
LR 0.00366 4
SVC 0.17480 668

We see that all of the classifiers that we trained have fast prediction times. DT
and GNB are the fastest, with LR and QDA next, then SVC, and KNN last. However,
all the classifiers, except for KNN, are considerably faster than a millisecond, so we
believe that any of the classifiers would be sufficient in that respect.

With respect to size on disk, LR and GNB are the smallest, with DT as next
smallest. SVC is the second largest, but still not prohibitively large.

These sizes (and predictions) are also promising in that if the dataset were to
get substantially larger, that most of these classification algorithms seem like they
would be able to scale and still be reasonable to use on-board and real-time. This
might not be true for KNN, but that was eliminated due to its poor performance on
generalization.

This also means that after recording a 5-second sample, the whole classification
process could be used on-board a robot, even on one with little memory. The whole
classification process, after recording a 5-second sample, can take less than a second
for feature extraction, standardization, and the prediction, making it possible to use

this in real-time.
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Figure B.1: Proposed classification pipeline. See Section B.5.2 for description.

Furthermore, a robot could reasonably include multiple trained classifiers on disk
and require less than one megabyte (MB) of space. If using an ensemble of classifiers,
the prediction time still remains substantially lower than one millisecond. Both the

timing and size of the classifiers together allow for an ensemble to be used.

B.5.2 Classification Pipeline

In a real-world setting, we suggest our classifier be used as a part of a greater classifi-
cation pipeline, shown in Figure B.1. A Kinect One microphone would be required®,
along with minimal onboard computing power. All audio collection, analysis, and
computation can take place locally, without needing to offload any data to online
services.

The system begins by recording a 5-second raw audio stream of the environment
and initializing the count variables to 0. The system stores the recording and checks
it for speech.” If speech is not detected, the system should loop back to the start
by resetting the counts, and deletes the recording. If speech is detected, the feature
extraction is performed, the audio is deleted, and a corresponding natural or media
prediction is made. After a prediction, the corresponding count is incremented, and
the other count is reset to 0. Only after X, or Y, consecutive predictions in a certain

category will the decision be “final”. Otherwise, the corresponding count is reset to

5We did not test multiple microphones so we cannot say whether or not our classifier would have
any success recording with a different microphone.

"Speech could be checked for by using a voice activity detection (VAD) algorithm [187], trained
on the Kinect, that can detect when human speech is a part of the acoustic environment.
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0. Once a final decision is output by the pipeline, the process starts again, with both
counts initialized to 0.

Depending on how sensitive we want the system to be to the classifier’s predictions,
we can alter the values of X and Y. For example, with X = 3, the classifier will have
to predict close to 15 consecutive seconds (three decisions in a row) as media. This
approach does not allow for one false positive to ruin the final classification, but rather
the classifier would have to get the audio scene wrong three times in a row in order
to make a mistake.

An alternative approach is to set both X=1 and Y =1, in which case the pipeline
will be returning a final prediction on every 5-second audio sample, unless it does not
detect speech. This will give a robot using this pipeline more frequent data points to
use in its final decision making.

After the system determines whether or not the speech that it hears in its envi-
ronment is media or natural, it can use this classification, along with other contextual
information to make decisions on how to act. For example, the robot could also have
other tools available to it that can detect characteristics from human speech such as
tone, emotion, and intensity. The robot could also utilize context like the time of day,
the day of the week, its location in the home, the current weather, and more.

Another interesting contextual tool that could be incorporated into this pipeline
is sound source localization (SSL), which utilizes the microphone array of the Kinect.
SSL could help the robot get an approximation of where the speech is coming from.
This extra context, combined with the natural vs. media classification, could further
assist the robot in making a more informed decision on social presence and providing
it with a better understanding its environment. VAD and SSL could be combined to
localize and individually classify multiple speakers in a noisy audio scene, but such
VAD for multi-speaker diarization in real-world scenarios remains an open research

problem|181].
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This classification pipeline can provide the robot with an understanding of if
speech is natural or media in its environment, helping it in inferring social presence.
The robot can use this information, along with other context, to make appropriate
decisions about how to interact, or not, and to best accommodate its user(s) and to

reach its goals.

B.5.3 Ethics and Privacy Considerations

In home data is inherently sensitive, and the audio pipeline presented in our chapter
is considerate of that. We believe our solution is minimally invasive. Using one
modality (i.e., just audio) to make decisions is undoubtedly less invasive than using
more. In fact, our suggested solution is computed locally (it is lightweight and would
not require sending any sensitive data to online services), only needs to store a 5-
second sample of audio at a time (which can be deleted immediately after features
are extracted from it), and does not use any semantic representation or transcription
of the audio (which could contain sensitive information) as a part of its decision

making. These are important factors that keep users’ privacy in mind.

B.6 Limitations

There are several limitations to this work that we believe are important to make
clear. First, the dataset that we compiled could be more diverse and representative.
Our natural training data is only comprised of audio from the CHIME-5 dataset,
even though it does contain audio from different homes, rooms, and voices. Our
media dataset contains three different rooms from within one home and five different
electronic devices. Obviously, there are countless other possible devices from which
audio can be emitted in the home, which were not included in our training set. Despite

these limitations, our results showed that classifiers were able to make accurate media
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classifications on audio from recording devices, rooms, microphone distances, and
combinations of the three that they were not trained on, and the classifiers were
able to classify natural audio from outside of the CHiME-5 training corpus, that
included new rooms and voices in the V and F test sets. Another limitation is that
the recordings in our V and F categories could be more diverse and comprehensive,
with the inclusion of audio from more homes, families, and people. Also, we only
focus on audio from the home, when ideally, such a classification tool should be able
to make predictions in other dynamic, human environments as well.

Additionally, our dataset does not include examples of scenarios where media
from television or radio shows is playing at the same time that natural conversation
(that includes at least one co-located person) is occurring.® Further testing would be
needed to see how our classifiers would perform when both media and natural audio
are overlaid. We did see that in situations where electronic and organic speakers
are conversing with each other in the audio scene (in our video calls test category),
the classification algorithms classified the audio as natural. It could be beneficial if
a robot could garner more detailed context of identifying, indexing, and classifying
between each organic and electronic speaker engaged in the conversation, but we
leave this as a future research direction. Regardless, through our experimentation in
this chapter, we see that the classifiers can provide important context to a robot by
accurately differentiating between common speech scenarios in the home from which
social presence can be implied: popular genres in media originating from loudspeakers

and natural conversation including a co-located user.

8Because the end goal of our natural vs. media classification is to help a robot in detecting a
co-located user’s social presence using sound, we would consider labeling this situation as natural
because it includes conversational audio from a co-located person, and it implies that a user is
physically present with the robot. However, it could be beneficial if a social robot could detect
that there is both natural and media audio in the environment. Such knowledge could give it more
nuanced context than purely a natural classification, but we leave this for future work.
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B.7 Conclusions

Detecting social presence using sound involves being able to classify audio as contain-
ing either 1) natural conversation including at least one co-located user or 2) media
playing from electronic sources that does not require a social response, such as tele-
vision shows. It is important for in-home social robots to have such a capability, as
the additional context can help them in their decision making. We perform an exper-
imental evaluation that tests the robustness of several traditional machine learning
classifiers on data from our compiled natural vs. media dataset. We conclude that a
C-Support Vector Classification (SVC) algorithm outperforms other classifiers, and
we propose a classification pipeline that can be utilized by social robots in the home

to help them in detecting social presence using sound.
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B.8 Model Hyperparameters

Table B.4: Hyperparameters Used for Gridsearch on Leave-One-Recording-Out Cross Val-

idation

Model | Hyperparameters

KNN | ‘n_neighbors”: [1,3,5,7,9], ‘weights’: ['uniform’, 'distance’|, ‘p’: [1,2]

QDA | ‘reg_param’: [0.00001, 0.0001, 0.001,0.01, 0.1], ‘tol’: [0.0001, 0.001,

0.01, 0.1]

DT ‘criterion’: [‘gini’‘entropy’|,  ‘max_depth’: [1,5,10,None],

‘min_samples_split’: [2,5,10], ‘min_samples leaf’: [1,2,5]

GNB | ‘var_smoothing’: [le-2, le-3, le-4, le-5, 1le-6, 1le-7, 1e-8, 1e-9, le-10,

le-11, le-12, le-13, le-14, le-15]

LR ‘solver’: [‘lbfgs’ ‘liblinear’,‘newton-cg’|, ‘penalty’: [11’, ‘12|, ‘C”

[0.001,0.01,0.1,1,10,100,1000]

SVC | ‘kernel’: [‘linear’,‘rbf’], ‘gamma’: [‘scale’, ‘auto’], ‘C’: [0.1,1,10,1000]
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Table B.5: Hyperparameters of Models Presented in Section B.4 Results

Model | Hyperparameters

KNN | ‘algorithm’=‘auto’, ‘leaf size’=30, ‘metric’=‘'minkowski’, ‘met-
ric_params’=None, ‘n_jobs’=None, ‘n_neighbors’=8, ‘p’=1,
‘weights’=‘distance’

QDA | ‘priors’=None, ‘reg_param’=0.01, ‘store covariance’=False,
‘tol’=0.0001.

DT ‘ccp__alpha’=0.0, ‘class_ weight’=None, ‘crite-
rion’=’entropy’, ‘max_depth’=None, ‘max_features’=None,
‘max_leaf nodes’=None, ‘min__impurity decrease’=0.0,
‘min__impurity split’=None, ‘min_samples leaf’=2,
‘min_samples_split’=2, ‘min_weight fraction leaf’=0.0, ‘ran-
dom _state’=0, ‘splitter’=‘best’

GNB | ‘priors: None, ‘var _smoothing’: 0.001

LR ‘C: 0.1, ‘class_weight’: None, ‘dual’: False, ‘fit intercept’:
True, ‘intercept scaling’: 1, ‘11 ratio’: Nomne, 'max _iter: 100,
‘multi_class’>  ‘auto’, 'm_jobs> None, ‘penalty’: ‘12’ ‘ran-
dom _state’: None, ’solver’: ‘lbfgs’, ‘tol’: 0.0001, ‘verbose’: 0,
‘warm_start’: False.

SVC | ‘C’: 10, ‘break ties’: False, ‘cache size’: 200, ‘class weight’: None,

‘coef0’: 0.0, ‘decision_function shape’: ‘ovr’, ’degree’: 3, ‘gamma’:
‘scale’; ‘kernel’: “rbf”, ‘max iter’: -1, ‘probability’: False, ‘ran-

dom state’: None, ‘shrinking’: True, ‘tol’: 0.001, ‘verbose’: False
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B.9 Experiment F1 Score Summaries

Table B.6: Leave-One-Recording-Out Cross Validation (LOROCV) Summary. We present
the average F1 scores between each of the two classes across all LOROCYV folds. For each
fold, all of a room’s media recordings were held out of the training set, and used in the
testing set along with the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Floaurar  95.1 87.7 864 8.5 8.4 90.6
V+ M Flyedqia 93.8 902 894 865 893 919
Avg. F1  94.5 89.0 879 86.0 879 91.3

Flogwrar 869 995 989 964 99.0 96.5
F+M Flpeqia 872 995 988 959 988 96.6
Avg. F1 871 99.5 989 96.2 98.9 96.6

Flygwa 917 931 923 904 923 93.4
F+V+M Flp. 909 934 932 905 932 93.9
Avg. F1 913 933 928 90.5 92.8 93.7
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Table B.7: Leave-One-Label-Out (LOLO) Summary. We present the average F1 scores
between each of the two classes across all 14 LOLO folds. For each fold, a media recording
and natural C recording were held out of the training set, and used in the testing set along
with the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flogtwra 815 99.3 969 929 949 941
V+M Flyedgia 755  99.2 951 879 885 921
Avg. F1 785 99.3 96.0 904 91.7 93.1

Floaura 884 87.5 756 84.0 85.0 90.2
F+M Flpedia  82.7 90.0 80.2 80.7 &80.8 90.6
Avg. F1  85.6 88.8 779 824 829 904

Flpotwrar 854  93.0 858 878 894 92.0
F+V+M Flyeia 795 93.8 8.8 832 833 0913
Avg. F1 825 93.4 858 855 864 91.7
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Table B.8: Leave-One-Room-Out (LORO) Summary. We present the average F1 scores
between each of the two classes across all three LORO folds. For each fold, all of a room’s
media recordings were held out of the training set, and used in the testing set along with
the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flootwra 778  99.2 948 856 889 94.7
V + M Flyedia 769 99.2 937 763 81.0 95.0
Avg. F1 774 99.2 943 81.0 850 949

Floaturar  85.2 843 T71.8 829 825 86.5
F+M Flyedsia 810 87.8 783 84.0 829 864
Avg. F1  83.1 86.1 751 835 827 86.5

Flogwra 815 921 841 840 852 904
F+V+M Flpeiea 793  93.0 8.4 81.7 837 90.7
Avg. F1 804 92.6 84.8 829 845 90.6
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Table B.9: Leave-One-Speaker-Out (LOSO) Summary. We present the average F1 scores
between each of the two classes across all five LOSO folds. For each fold, all of a loudspeaker’s
media recordings were held out of the training set, and used in the testing set along with
the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flooturar  78.8 985 99.0 941 971 934
V+M Flyedia  75.0 98.4 98.9 934 971 934
Avg. F1  76.9 98.5 99.0 938 971 934

Floagurar  87.0 83.1 727 820 838 87.2
F+M Fleqia  80.1 8.7 776 794 848 87.8
Avg. F1 ~ 83.6 844 752 80.7 843 87.5

Flyowra 833  90.6 8.9 87.6 90.2 90.1
F+V+M Flyegia 784 913 872 864 905 904
Avg. F1 809 91.0 866 870 904 90.3
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Table B.10: Leave-One-Distance-Out Cross Validation (LODO) Summary. We present
the average F1 scores between each of the two classes across all three LODO folds. For each
fold, all of a microphone distance’s media recordings were held out of the training set, and
used in the testing set along with the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flooturar 797  98.8 974 921 977 945
V+M Flpeqia 781 988 971 91.1 978 95.0
Avg. F1 789 98.8 973 91.6 97.8 9438

Floatwra  81.5 82.5 709 769 822 84.6
F+M Flyedia 670 84.6 56.8 66.3 809 83.6
Avg. F1 743 83.6 639 T71.6 8l.6 84.1

Flootwrar 799  90.7 83.6 839 89.6 89.2
F+V+M Flpeea 74 913 792 796 89.5 895
Avg. F1 777 91.0 814 81.8 89.6 89.4
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Table B.11: Leave-One-Room and Speaker-Out (LORSO) Summary. We present the
average F1 scores between each of the two classes across all nine LORSO folds. For each
fold, all of a room’s media recordings were held out of the training set, and used in the
testing set along with the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flogwrar 755 92,2 91.7 814 89.0 89.5
V+M Flyeqia 603 81.0 84.0 588 822 R&3.1
Avg. F1 679 86.6 87.9 70.1 8.6 86.3

Flogtwrar 5.8 845 761 80.5 87.6 89.1
F+M Flyesia 784 812 800 729 86.7 87.0
Avg. F1 821 829 781 76.7 87.2 88.1

Floagura  81.1 88.2 &83.6 806 881 89.0
F+V+M Flaeia 71.0 81.9 825 691 857 86.2
Avg. F1  76.1 8.1 831 749 869 87.6

169



Table B.12: Leave-One-Recording and Distance-Out (LORDO) Summary. We present the
average F1 scores between each of the two classes across all nine LORDO folds. For each
fold, all of a room and microphone distance’s media recordings were held out of the training
set, and used in the testing set along with the natural audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flogturar  76.1 940 96.4 854 915 89.6
V + M Fledia  63.8 909 94.2 716 86.0 85.1
Avg. F1  70.0 925 953 785 888 874

Floawra 839 86.3 756 803 892 90.5
F+M Flpedia  72.7 87.0 80.2 738 89.6 90.5
Avg. F1  78.3 86.7 779 771 894 90.5

Floawra  80.2 90.0 &8.8 826 90.2 90.0
F+V+M Flyeia 69.8 88.8 8.8 734 88.9 88.9
Avg. F1  75.0 89.4 8.8 780 89.6 895
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Table B.13: Leave-One-Speaker and Distance-Out (LOSDO) Summary. We present the
average F1 scores between each of the two classes across all nine LOSDO folds. For each
fold, all of a speaker and microphone distance combination’s media recordings were held out
of the training set, and used in the testing set along with the natural audio from our own
homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Floaturar  79.7 946 93.7 89.6 95.2 943
V+M Floedia  72.8 872 864 80.7 954 946
Avg. F1  76.3 909 90.1 852 95.3 945

Flyouura  84.0 827 Tr4 816 8.5 87.0
F+M Floedgia 742 789 757 75.0 81.0 82.5
Avg. F1  79.1 80.8 76.6 783 83.3 84.8

Flpguwra  82.1 88.3 854 8.2 89.7 90.0
F+V+M Flaeia 737 82.6 80.2 775 88.3 89.0
Avg. F1 779 85.0 828 814 89.0 89.5
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Table B.14: Leave-One-Room and Speaker and Distance-Out (LORSDO) Summary. We
present the average F'1 scores between each of the two classes across all 14 LORSDO folds.
For each fold, all of a room, speaker, and microphone distance combination’s media record-
ings were held out of the training set, and used in the testing set along with the natural
audio from our own homes.

Test Set Metrics KNN QDA DT GNB LR SVC

Flogrwa 741 89.6 91.1 81.2 89.1 88.1
V+ M Flyesa 574 751 833 588 83.8 825
Avg. F1 658 824 87.2 700 865 853

Flooturar  80.9 83.6 723 769 86.7 88.2
F+M Fledgia  65.0 705 73.1 564 80.6 82.1
Avg. F1  73.0 Tl 727 66.7 837 85.2

Flogwrar 780 864 820 789 87.8 88.1
F+V+M Flyg. 6L7 725 772 575 822 82.4
Avg. F1 699 795 79.6 682 850 85.3

B.10 Experiment Comprehensive Results
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Table B.15: Leave-One-Recording-Out CV Results. The table presents the macro and
micro averages across all LOROCYV folds for each classifier.

Our In-Home Natural Recordings

C+M F+M V+M V+F+M

Model Metrics Macro | Micro | Macro | Micro | Macro | Micro | Macro | Micro
Accuracy 96.8 96.3 94.7 94.0 87.3 86.9 91.5 90.9
Precision N | 95.7 94.8 95.7 94.7 94.8 93.7 95.3 94.2
Recall N 99.5 99.6 95.0 94.6 81.0 81.1 89.0 88.7
KNN | F1_N 97.3 96.8 95.1 94.4 86.9 86.5 91.7 91.1
Precision M | 994 94.8 94.1 93.7 82.5 82.3 88.7 88.4
Recall M 94.1 93.1 94.4 93.4 93.6 92.7 94.1 93.1

F1 M 95.8 95.3 93.8 93.1 87.2 86.7 90.9 90.2
Accuracy 99.6 99.6 89.1 88.9 99.5 99.4 93.6 93.5
Precision N | 99.8 99.7 99.8 99.7 99.7 99.7 99.7 99.7
Recall N 99.5 99.5 78.4 78.0 99.3 99.1 87.3 87.2
QDA |F1 N 99.6 99.6 87.7 87.4 99.5 99.4 93.1 93.0
Precision M | 99.5 99.7 82.4 82.1 99.3 99.1 88.8 88.7
Recall M 99.8 99.7 99.8 99.8 99.7 99.7 99.8 99.7

F1_ M 99.6 99.6 90.2 90.0 99.5 99.4 93.4 93.4
Accuracy 99.0 99.0 88.2 88.3 98.9 98.8 92.8 92.9
Precision N | 99.2 99.2 99.0 99.1 99.3 99.3 99.1 99.2
Recall N 99.1 99.1 77.6 7.7 98.7 98.6 86.7 86.7

DT | F1_N 99.1 99.1 86.4 86.6 98.9 98.9 92.3 92.3
Precision_ M | 99.1 99.2 82.0 82.0 98.7 98.6 88.3 88.4
Recall M 99.0 99.0 98.8 98.9 99.1 99.1 99.0 99.0

F1_ M 99.0 99.0 89.4 89.4 98.8 98.8 93.2 93.2
Accuracy 92.2 92.8 86.2 87.4 96.2 96.7 90.5 914
Precision N | 93.7 94.8 93.0 94.1 94.7 95.7 93.6 94.7
Recall N 91.2 91.1 79.7 80.8 98.5 98.4 87.8 88.4
GNB | F1_N 91.7 92.2 85.5 86.7 96.4 96.9 90.4 91.3
Precision_ M | 92.7 94.8 81.2 82.9 98.5 98.3 88.4 89.0
Recall M 93.2 94.4 92.6 94.0 93.9 95.0 93.2 94.4
F1._M 92.3 93.1 86.5 87.9 95.9 96.4 90.5 91.5
Accuracy 99.0 99.0 88.2 88.3 98.9 98.8 92.8 92.9
Precision N | 99.2 99.2 99.0 99.1 99.3 99.3 99.1 99.1
Recall N 99.1 99.1 77.5 e 98.7 98.6 86.7 86.7

LR |F1 N 99.1 99.1 86.4 86.6 99.0 98.9 92.3 92.3
Precision M | 99.1 99.2 82.0 82.0 98.7 98.6 88.3 88.4
Recall M 98.9 99.0 98.8 98.9 99.1 99.0 98.9 99.0

F1_ M 98.9 98.9 89.3 89.4 98.8 98.8 93.2 93.2
Accuracy 99.4 99.4 91.4 91.5 96.6 96.5 93.6 93.7
Precision N 99.4 99.4 99.4 99.4 99.4 99.4 99.4 99.4
Recall N 99.6 99.6 83.5 83.8 94.0 93.9 88.0 88.2

SVC | F1_N 99.4 99.5 90.6 90.9 96.5 96.5 93.3 93.4
Precision_ M | 99.6 99.4 85.5 86.0 94.4 94.2 89.3 89.4
Recall M 99.2 99.2 99.2 99.2 99.1 99.2 99.2 99.2
F1_M 99.3 99.3 91.9 92.1 96.6 96.5 93.9 93.9
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Table B.16: Leave-One-Label-Out Results. The table presents the macro and micro aver-
ages across all LOLO folds for each classifier.

LOLO Average

. V+M F+M V+F+M

Model Metrics Macro | Micro | Macro | Micro | Macro | Micro
Accuracy 79.5 78.8 86.4 86.1 83.4 82.9
Precision N | 84.1 83.9 85 85.3 84.5 84.5
Recall N 81.2 80.5 94 92.8 88.4 87.3
KNN | F1 N 81.5 80.9 88.4 88 85.4 84.9
Precision_ M | 76.2 75.4 91.6 90.5 84.4 83.5
Recall M 7.8 7.2 78.8 79.4 78.3 78.4

F1._ M 75.5 4.7 82.7 82.6 79.5 79.1
Accuracy 99.2 99.2 88.9 87.7 93.4 92.8
Precision N | 99.2 99.3 99.3 99.3 99.3 99.3
Recall N 99.3 99.1 78.3 76 87.5 86.3
QDA | F1 N 99.3 99.2 87.5 86 93 92.3
Precision M | 99.3 99.1 82.2 80.7 88.9 87.9
Recall M 99.2 99.3 99.5 99.5 99.3 99.4

F1._ M 99.2 99.2 90 89 93.8 93.3
Accuracy 95.6 96.3 78.6 78 86.1 86.1
Precision N | 94 94.8 93.2 93.4 93.6 94.1
Recall N 99.8 99.8 64.9 63.1 80.2 79.5

DT |F1 N 96.4 96.9 75.6 74.5 85.8 85.7
Precision_ M | 99.6 99.7 71.9 71.1 81.8 81.4
Recall M 91.5 92.7 92.4 92.8 92 92.8

F1._ M 94.2 95.1 80.2 79.9 85.8 86
Accuracy 90.7 91.5 83.2 84 86.5 87.3
Precision N | 88.4 89.4 87.1 88.9 87.5 89
Recall N 98.2 97.9 82.4 81.7 89.3 88.9
GNB | F1 N 92.4 92.9 84 84.5 87.8 88.4
Precision M | 91.1 91.9 78 78.4 83.2 83.8
Recall M 83.1 85 84 86.3 83.6 85.7

F1_ M 86.4 87.9 80.7 82 83.2 84.6
Accuracy 92.3 93.2 84.1 84 87.7 88.1
Precision N | 92.6 93.3 92.6 93.4 92.6 93.3
Recall N 98.3 98.2 80.5 79.2 88.4 87.7

LR |F1 N 94.4 94.9 85 84.5 89.4 89.5
Precision M | 92.5 93.3 76.6 76.4 82.2 82.6
Recall M 86.4 88.1 87.6 88.8 87 88.5

F1._ M 86.7 88.5 80.8 81.2 83.3 84.3
Accuracy 93.4 93.5 90.5 90.1 91.8 91.6
Precision N | 95.6 95.5 97.1 97.5 96.3 96.5
Recall N 93.6 93.5 84.9 83.5 88.7 88

SVC | F1_N 94.1 94.1 90.2 89.6 92 91.7
Precision M | 92.7 92.8 86.4 85.4 89.1 88.5
Recall M 93.3 93.5 96.2 96.7 94.9 95.3
F1_M 91.8 92.1 90.6 90.3 91.3 91.2
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Table B.17: Leave-One-Room-Out Results. The table presents the results of the three
LORO folds (each room column is the left-out room), and the macro averages across all
LORO folds for each classifier. Only macro averages are presented because the test sets
were the same size (the left out room media set was larger than the natural testing subset,
so media was sampled to match the size of the natural sets).

Kitchen Bedroom Playroom Average
Model Metrics V4+M | F+M | V+F+M | V+M | F+M | V+F+M | V4+M | F+M | V+F+M | V4M | F+M | V+F+M
Accuracy 82.4 | 84.3 83.4 73.1 | 93.2 83.4 76.7 | 72.8 4.7 774 | 834 80.5
Precision N | 82.1 | 774 79.4 714 | 97.3 83.6 76.3 | 67.1 71 76.6 | 80.6 78
Recall N 82.9 | 97 90.1 772 | 888 83.2 774 | 895 83.6 79.2 | 91.8 85.6
KNN | F1_N 82.5 | 86.1 84.4 74.2 | 928 83.4 76.9 | 76.7 76.8 77.8 | 85.2 81.5
Precision_ M | 82.7 | 96 88.6 75.2 | 89.7 83.2 771 | 84.3 80.1 78.3 | 90 84
Recall_M 81.9 | 71.6 76.6 69 97.5 83.6 76 56.2 65.8 75.6 | 75.1 75.4
F1_M 82.3 | 82 82.2 72 93.4 83.4 76.6 | 674 72.3 76.9 | 81 79.3
Accuracy 98.9 | 89.6 94.2 99.6 | 825 90.8 99 86.9 92.8 99.2 | 86.3 92.6
Precision_ N | 99.7 | 99.1 99.4 100 99.7 99.9 98.3 | 944 96.5 99.3 | 97.7 98.6
Recall N 98.1 | 80 88.8 99.2 | 65.2 81.8 99.7 | 784 88.8 99 4.5 86.5
QDA | F1_N 98.9 | 885 93.8 99.6 | 78.8 89.9 99 85.7 92.5 99.2 | 84.3 92.1

Precision_ M | 98.2 | 83.2 89.9 99.2 | 741 84.6 99.7 | 81.6 89.6 99 79.6 88
Recall_M 99.7 | 99.3 99.5 100 99.8 99.9 98.3 | 95.3 96.8 99.3 | 98.1 98.7

F1_M 98.9 | 90.5 94.5 99.6 | 85.1 91.6 99 87.9 93.1 99.2 | 87.8 93
Accuracy 98.4 | 81.7 89.8 86.3 | 724 79.2 98.4 | 73 85.3 94.3 | 75.7 84.8
Precision_ N | 96.9 | 99 97.8 79.5 | 88.3 82.4 97.1 | 73.7 85.5 91.2 | 87 88.6
Recall _N 99.9 | 63.9 81.5 97.7 | 51.7 74.1 99.7 | 71.3 85.1 99.1 | 62.3 80.2
DT |F1_N 98.4 | T7.7 88.9 87.7 | 65.2 78.1 98.4 | 725 85.3 948 | 718 84.1

Precision_ M | 99.9 | 73.4 84.1 97 65.9 76.5 99.7 | 722 85.2 98.9 | 70.5 81.9
Recall M 96.8 | 994 98.1 74.8 | 93.2 84.2 97.1 | 74.6 85.5 89.6 | 89.1 89.3

F1_M 98.3 | 844 90.6 84.5 | 772 80.2 98.3 | 734 85.4 93.7 | 783 85.4
Accuracy 87.9 | 825 85.1 64.1 | 85 74.8 95 83.1 88.9 82.4 | 83.5 82.9
Precision_ N | 82.5 | 80.2 81.4 58.6 | 96.2 70.9 91.6 | 85.1 88.5 776 | 87.2 80.3
Recall _N 96.3 | 86.2 91.1 96.1 | 728 84.2 99 80.2 89.4 97.1 | 79.8 88.2
GNB | F1_N 88.9 | 83.1 86 72.8 | 829 7 95.2 | 82.6 88.9 85.6 | 82.9 84

Precision_M | 95.5 | 85.1 89.9 89.1 | 78.1 80.5 98.9 | 81.3 89.3 94.5 | 81.5 86.6
Recall_M 79.6 | 78.8 79.2 322 | 971 65.5 90.9 | 85.9 88.4 67.6 | 87.3 e

F1_M 86.9 | 81.8 84.2 473 | 86.6 72.2 94.8 | 83.5 88.8 76.3 | 84 81.7
Accuracy 98.5 | 87.9 93 66 87.9 7.2 94.3 | 728 83.3 86.3 | 82.9 84.5
Precision_ N | 99.9 | 95.9 98 59.8 | 100 73 96.9 | 70 81.9 85.5 | 88.6 84.3
Recall N 97.1 | 79.2 87.9 97.7 | 758 86.5 91.6 | 79.9 85.6 95.5 | 783 86.6
LR | F1_N 98.5 | 86.7 92.7 74.2 | 86.2 79.1 94.2 | 74.6 83.7 88.9 | 825 85.2
Precision_M | 97.1 | 82.3 89 93.7 | 80.5 83.4 92 76.6 84.9 94.3 | 79.8 85.8
Recall_M 99.9 | 96.6 98.2 34.2 | 100 68 97.1 | 65.8 81 771 | 875 82.4
F1_M 98.5 | 8838 93.4 50.2 | 89.2 74.9 94.5 | 70.8 82.9 81 82.9 83.7
Accuracy 94.9 | 935 94.2 95.9 | 89.6 92.7 93.7 | 76.3 84.8 94.8 | 86.5 90.6
Precision_ N | 98.6 | 95.3 96.8 100 100 100 96.4 | 73.6 83.7 98.3 | 89.6 93.5
Recall N 91.2 | 915 91.3 91.7 | 793 85.3 90.8 | 82.2 86.4 91.2 | 843 87.7
SVC | F1_N 94.7 | 933 94 95.7 | 884 92.1 93.5 | 77.6 85 94.7 | 86.5 90.4
Precision_ M | 91.8 | 91.8 91.8 92.3 | 828 87.2 91.3 | 79.8 85.9 91.8 | 84.8 88.3
Recall_M 98.7 | 954 97 100 100 100 96.6 | 70.5 83.2 98.4 | 88.6 93.4
F1_M 95.1 | 93.6 94.3 96 90.6 93.2 93.9 | 7438 84.6 95 86.4 90.7
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Table B.18: Leave-One-Speaker-Out Results. The table presents the results of the five
LOSO folds (each speaker column is the left-out speaker), and the macro (M) and micro (u)
averages across all LOSO folds for each classifier.

iPhone BigBose Sony Mac Average
Model | Metrics VAM | FAM | VAFAM | VM | FAM | VAFAM | VAM | FAM | VAFAM | VM VAF M MF Mu
Accuracy 871 | 9.7 | 92 871 | 955 739 | 650 | 866 913 811 | 825
Precision_N 9L1 | 100 | 961 | 96.7 | 98.9 679 | 614 | 891 83.9 | 81.8
Recall_N 823 | 915 | 874 | 769 | 921 907 | 857 | 835 917 | 91.8
KNN | FI_N 86.4 | 95.5 95.4 776 | 715 | 862
Precision_M 83.8 | 92.1 92.6 86 76.3 | 845
Recall_M 91.9 100 98.9 57.1 46.1 89.7
F1_M 87.7 95.9 95.7 68.6 57.5 87
90.2 | 85.0 5.6 865 | 924 | 989
99.8 | 99.8 99.2 100 | 100 | 99
Recall_N 98.6 7.9 TLT 83.8 73 84.8 98.8
QDA | F1I_N 99.2 83.6 83.2 91 84.4 91.8 98.9
98.6 8 779 86 8.7 86.8 98.8
99.8 99.8 99.4 99.6 100 100 99
99.2 87.6 87.3 92.3 88.1 92.9 98.9
Accuracy 99.3 80.7 79.4 88.6 79.1 88.5 99
Precision_ N 98.6 99.7 100 100 100 99.8 98.2
Recall N 00 61.6 58.8 7.1 58.2 771 99.8
DT F1_N 99.3 76.1 74.1 87.1 73.6 87 99
Precision_ M 100 72.2 70.8 81.4 70.5 81.3 99.8
Recall_M 98.6 | 99.8 100 100 100 | 99.9 | 981
FI_M 993 | 838 829 | 897 827 | 897 | 99
Accuracy 96.4 86.8 87.8 91.8 88.3 91.7 80.7
Precision_ N 94.3 92.6 95.9 96 98.5 96.5 73.2
Recall N 98.8 | 80.1 79 872 778 | 865 | 968
GNB | FI_N 965 | 85.9 86.7 | 914 87 912 | 834
Pre _ 08.8 | 82.4 822 | 883 817 | 878 | 95.3
Recall_M 94 | 936 96.7 | 964 989 | 969 | 64.6 735
F1_M 963 | 87.7 | 913 | 967 | 888 | 921 805 | 921 |7 812
Accuracy 993 | 881 | 93 993 | 877 | 929 83| 921 | 992 931
100 | 100 100 998 | 100 | 99.9 99.8 | 973 | 995 99.5
Recall_N 986 | 762 | 859 | 989 | 754 | 8.8 767 | 866 | 989 86.6
LR |FI_N 993 | 865 | 924 | 99.3 | 86 92.3 86.7 | 916 | 992 92.6
Precision_M 98.6 | 80.7 | 877 | 989 | 80.2 | 876 811 | 879 | 989 88.1
Recall_M 100 | 100 100 99.8 | 100 | 999 999 | 976 | 995 99.6
F1_M 9903 | 893 | 934 | 993 | 89 93.3 805 | 925 | 992 93.5
Accuracy 959 | 915 | 934 | 967 | 90.7 | 934 903 | o1 971 934|934 | 028
Precision_N 100 | 100 100 100 | 100 100 100 | 947 | 100 100 | 951943
Recall_N 9L7 | 831 | 868 | 934 | 815 | 868 806 | 867 | 942 86.8 | 917|913
SVC | F1_N 957 | 908 | 93 966 | 89.8 | 929 803 | 906 | 97 929 | 933|027
Precision_ M 92.3 85.5 88.4 93.8 84.4 88.3 83.8 87.8 94.5 88.3 91.9 | 91.5
Recall_M 100 100 100 100 100 100 100 95.2 100 100 95 94.2
F1_M 96 92.2 93.8 96.8 91.5 93.8 91. 91.2 91.3 97.2 93.8 93.4 | 92.8
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Table B.19: Leave-One-Distance-Out Results. The table presents the results of the three
LODO folds (each microphone distance is the left-out distance), and the macro averages
across all LODO folds for each classifier. Only macro averages are presented because the
test sets were the same size (the left out microphone distance media set was larger than the
natural testing subset, so media was sampled to match the size of the natural sets).

1 ft 4-6 ft 8-10 ft LODO Average
Model Metrics V+M | F+M | V+F+M | V+M | F+M | V+F+M | V+M | F+M | V+F+M | V+M | F+M | V+F+M
Accuracy 83.3 | 55.3 68.9 87.9 | 844 86.1 65.8 | 91.6 79 79 7.1 78
Precision_ N | 87.7 | 53 64 88.9 | 80.6 84.3 63.1 | 93.5 76.9 79.9 | 75.7 75.1
Recall N 775 | 94.8 86.4 86.7 | 90.7 88.7 75.9 | 89.3 82.8 80 91.6 86
KNN | F1_N 82.3 | 68 73.6 87.8 | 85.3 86.5 68.9 | 91.4 79.8 79.7 | 81.5 79.9
Precision_ M | 79.9 | 75.2 79.1 87 89.3 88.1 69.8 | 89.8 81.4 78.9 | 84.8 82.9
Recall M 89.1 15.8 51.5 89.2 78.1 83.5 55.6 93.8 75.2 78 62.6 70.1
F1_M 84.2 26 62.4 88.1 83.4 85.8 61.9 91.7 78.2 78.1 67 75.4
Accuracy 98.6 75.3 86.7 99.1 87 92.9 98.5 88.7 93.5 98.8 | 83.7 91
Precision N | 97.5 76.2 86.9 99.6 98.8 99.2 98.8 99.5 99.1 98.6 | 91.5 95.1
Recall_N 99.8 | 73.5 86.3 98.7 | 749 86.5 983 | 77.8 87.8 989 | 754 86.9
QDA |F1_N 098.7 | 74.8 86.6 99.1 | 85.2 92.4 98.5 | 87.3 93.1 98.8 | 825 90.7
Precision. M | 99.8 | 744 86.4 98.7 | 79.8 88 98.3 | 81.8 89 98.9 | 78.7 87.8
Recall_M 97.5 | 77.1 87 99.6 | 99.1 99.3 98.8 | 99.6 99.2 98.6 | 91.9 95.2
F1_M 98.6 | 75.7 86.7 99.1 | 88.4 93.3 98.5 | 89.8 93.8 98.8 | 84.6 91.3
Accuracy 93.2 | 41.1 66.5 99.5 79.4 89.2 99 82.6 90.6 97.2 67.7 82.1
Precision_ N | 88.2 | 45 61.3 99.1 92.8 96.5 98.1 97.6 97.9 95.1 78.5 85.2
Recall N 99.8 | 80.2 89.7 99.9 63.7 81.3 100 66.8 83 99.9 | 70.3 84.7
DT |F1 N 93.6 57.7 72.8 99.5 75.6 88.3 99 79.3 89.8 97.4 | 70.9 83.6
Precision M | 99.7 | 9.48 80.8 99.9 72.4 83.9 100 74.8 85.2 99.9 | 52.2 83.3
Recall M 86.6 | 2.07 43.3 99.1 | 95 97 98 98.3 98.2 94.6 | 65.1 79.5
F1_M 92.7 | 34 56.4 99.5 | 82.2 90 99 85 91.3 97.1 | 56.8 79.2
Accuracy 91.7 | 46 68.2 88.1 | 84.3 86.2 95 89.1 92 91.6 | 73.1 82.1
Precision N | 86.1 | 47.4 63.4 83.6 | 82 82.8 93.8 | 96.4 95 87.8 | 75.3 80.4
Recall N 99.3 73.7 86.2 94.9 87.9 91.3 96.5 81.1 88.6 96.9 | 80.9 88.7
GNB | F1_N 92.3 57.7 73.1 88.9 84.8 86.8 95.1 88.1 91.7 92.1 76.9 83.9
Precision M | 99.2 | 40.9 78.4 94.1 86.9 90.3 96.4 | 83.7 89.3 96.6 | 70.5 86
Recall M 84 18.2 50.3 81.4 | 80.7 81 93.6 97 95.3 86.3 | 65.3 75.5
F1_M 91 25.2 61.3 87.3 | 83.7 85.4 95 89.9 92.2 91.1 | 66.3 79.6
Accuracy 95.6 | 67.3 81.1 98.8 | 88.8 93.7 98.8 | 89.3 93.9 97.7 | 81.8 89.6
Precision_ N | 99.9 | 63.8 78.6 99 97.8 98.5 99 99.9 99.4 99.3 | 87.2 92.2
Recall_N 91.4 | 79.9 85.5 98.6 | 79.4 88.7 98.6 | 78.8 88.4 96.2 | 79.3 87.5
LR |F1_N 95.4 | 71 81.9 98.8 | 87.6 93.3 98.8 | 88.1 93.6 97.7 | 822 89.6
Precision_ M | 92.1 73.1 84.1 98.6 82.7 89.7 98.6 82.5 89.6 96.4 79.4 87.8
Recall M 99.9 54.7 76.7 99 98.2 98.6 99 99.9 99.5 99.3 | 84.3 91.6
F1 M 95.8 | 62.6 80.2 98.8 89.8 94 98.8 90.3 94.3 97.8 | 80.9 89.5
Accuracy 94 71.1 82.3 96.9 90.3 93.5 93.3 91.5 92.3 94.7 | 84.3 89.4
Precision_ N | 99.8 | 67.4 80.6 100 99 99.5 96.6 | 99.4 98 98.8 | 88.6 92.7
Recall N 88.2 | 81.9 85 93.9 | 81.3 87.5 89.7 | 834 86.5 90.6 | 822 86.3
SVC |F1_N 93.6 | 73.9 82.7 96.9 | 89.3 93.1 93 90.7 91.9 94.5 | 84.6 89.2
Precision_ M | 89.4 | 76.9 84.1 94.2 | 84.2 88.8 90.4 | 85.7 87.9 914 | 823 86.9
Recall_M 99.8 | 60.4 79.6 100 99.2 99.6 96.8 | 99.5 98.2 98.9 | 86.4 92.5
F1_M 94.3 | 67.7 81.8 97 91.1 93.9 93.5 92.1 92.8 95 83.6 89.5

177



Table B.20: Leave-One-Room-+Speaker-Out Results. The table presents the macro and
micro averages across all LORSO folds for each classifier.

LORSO Average

. V-+M F+M V+F+M

Model Metrics Macro | Micro | Macro | Micro | Macro | Micro
Accuracy 70.3 67 83 81.9 77.3 75.1
Precision N | 71.6 68.8 79.5 78.2 75.6 73.4
Recall N 82.7 81.6 95.1 94 89.6 88.4
KNN | F1 N 75.5 73.2 85.8 84.7 81.1 79.3
Precision M | 67.8 63 93.2 91.9 83.6 81.5
Recall M 57.9 52.3 71 69.8 65.1 61.9
F1_M 60.3 54.6 78.4 774 71 68.1
Accuracy 89.1 90.1 84.2 85 86.4 87.3
Precision N | 884 89.3 92.5 94.5 90 91.2
Recall N 99.3 99.2 80.3 77.5 88.9 87.4
QDA | F1 N 92.2 92.8 84.5 84.1 88.2 88.3
Precision_ M | 99.3 99.2 80.8 80.3 87.3 86.8
Recall M 79 80.9 88.1 92.5 84 87.2

F1. M 81 83 81.2 84.2 81.9 84.7
Accuracy 89.2 86.9 78.6 79.2 83.3 82.7
Precision N | 86.3 83.6 90.2 90.2 87.3 85.8
Recall N 100 100 67.4 67.5 82 82.2

DT |F1 N 91.7 90 76.1 76.6 83.6 83.2
Precision_ M | 99.9 99.9 73.5 73.8 82.4 82.3
Recall M 78.5 73.9 89.8 90.9 84.6 83.2

F1 M 84 80.3 80 81 82.5 81.9
Accuracy 75.1 75.3 78.5 80.9 76.9 78.4
Precision N | 71.7 72.1 80.5 83.9 74.8 76.3
Recall N 97.6 97.6 83.2 81.8 89.7 88.9
GNB | F1 N 81.4 81.6 80.5 81.8 80.6 81.3
Precision_ M | 95.7 95.6 8.7 80.1 83.6 84.3
Recall M 52.5 53 73.7 80.1 64.1 67.8
F1_M 58.8 59 72.9 78 69.1 72.8
Accuracy 86.8 86.3 87.6 88 87.2 87.2
Precision_ N | 86.3 85.7 93.9 954 89.4 89.7
Recall N 93.5 94 83.6 81.6 88.1 87.2

LR |F1_N 89 88.9 87.6 87.4 88.1 87.9
Precision_ M | 87.7 87 86 84.3 87.4 86.7
Recall M 80.1 78.7 91.5 94.4 86.3 87.3

F1 M 82.2 80.8 86.7 88 85.7 86.1
Accuracy 87.4 86.5 88.4 88.4 88 87.5
Precision N | 884 88 91.1 91.9 89.1 89.2
Recall N 92.5 91.6 88.6 86.4 90.4 88.7

SVC | F1_N 89.5 88.8 89.1 88.5 89 88.3
Precision M | 874 85.3 89.3 87.3 89.6 88
Recall M 82.4 81.4 88.3 90.4 85.6 86.3
F1_M 83.1 814 87 87.8 86.2 86.1
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Table B.21: Leave-One-Room-+Distance-Out Results. The table presents the macro and
micro averages across all LORDO folds for each classifier.

LORDO Average

Model Metrics viM F+M VHbM
Macro | Micro | Macro | Micro | Macro | Micro

Accuracy T1.7 74.2 80.2 81.4 76.4 78.1
Precision N | 71.8 74.1 7.3 79.2 74.2 76
Recall N 83.3 83.9 94.2 94.3 89.3 89.5
KNN | F1 N 76.1 77.8 83.9 84.9 80.2 81.3
Precision_ M | 72 75.1 90.7 92 83.1 84.8
Recall M 60.2 64.6 66.2 68.6 63.6 66.7

F1 M 63.8 68.1 2.7 73.9 69.8 72.6
Accuracy 92.8 94.8 86.8 87.5 89.5 90.9
Precision N | 90.2 93.3 92.8 95.1 91.3 93.9
Recall N 99.4 99.1 81.5 80.2 89.6 88.9
QDA | F1 N 94 95.6 86.3 86.6 90 91
Precision M | 994 99.1 83.1 82.7 89.2 89.1
Recall M 86.2 90.6 92 94.7 89.5 92.8

F1._ M 90.9 93.5 87 88 88.8 90.5
Accuracy 95.6 96.3 78.6 78 86.1 86.1
Precision N | 94 94.8 93.2 93.4 93.6 94.1
Recall N 99.8 99.8 64.9 63.1 80.2 79.5

DT |F1 N 96.4 96.9 75.6 74.5 85.8 85.7
Precision M | 99.6 99.7 71.9 71.1 81.8 81.4
Recall M 91.5 92.7 92.4 92.8 92 92.8

F1._ M 94.2 95.1 80.2 79.9 85.8 86
Accuracy 81.4 81.3 78.5 80.3 79.7 80.8
Precision N | 77.9 78.2 80 81.6 78.5 79.3
Recall N 97.2 95.7 82.6 83 89.1 88.9
GNB | F1 N 85.4 85.1 80.3 81.5 82.6 83.1
Precision M | 84.7 87.4 74 78 77.9 81.8
Recall M 65.5 66.8 74.3 77.6 70.3 72.6

F1_ M 71.6 73.1 73.8 e 73.4 76.2
Accuracy 89.9 91.6 89.4 88.9 89.7 90.1
Precision N | 91.3 92.4 92.8 93.4 91.7 92.5
Recall N 93.2 95 86.4 84.5 89.6 89.4

LR |F1 N 91.5 93.1 89.2 88.5 90.2 90.5
Precision M | 88.3 90.4 87.3 85.9 89.1 89
Recall M 86.7 88.1 92.5 93.3 89.9 90.9

F1_ M 86 87.9 89.6 89.2 88.9 89.4
Accuracy 88.2 90 90.6 91 89.6 90.5
Precision N | 90.3 92.5 92.5 93.5 91.1 92.5
Recall N 90.3 91.2 89.1 88.8 89.7 89.9

SVC | F1_N 89.6 91.2 90.5 90.9 90 90.9
Precision M | 86.9 88.2 89.5 89.4 89.3 89.7
Recall M 86 88.8 92.1 93.3 89.5 91.2

F1_ M 85.1 87.2 90.5 91.1 88.9 90
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Table B.22: Leave-One-Speaker-Distance-Out Results. The table presents the macro and
micro averages across all LOSDO folds for each classifier.

LOSDO Average

. V+M F+M V+F+M

Model Metrics Macro | Micro | Macro | Micro | Macro | Micro
Accuracy 77.5 4.7 80.8 78.5 79.3 76.7
Precision N | 78.7 75.4 7.4 75.1 7T 75
Recall N 82.7 82 93.6 93 88.7 88
KNN | F1 N 79.7 77.6 84 82.3 82.1 80.2
Precision_ M | 75.9 73.5 85.9 83.5 80.6 78.1
Recall M 72.2 67.4 68 63.9 69.8 65.5

F1._ M 72.8 69 74.2 70.5 3.7 70
Accuracy 92.6 92.3 81.8 81.1 86.6 86.2
Precision N | 91.7 91.8 88.6 88.1 89.9 89.8
Recall N 99.5 99.3 80.2 79.4 88.9 88.5
QDA | F1 N 94.6 94.4 82.7 82.1 88.3 88
Precision M | 984 98 78.6 7 84.9 83.6
Recall M 85.8 85.3 83.3 82.8 84.4 83.9

F1._ M 87.2 86.1 78.9 77.9 82.6 81.7
Accuracy 91.8 91.4 77.8 74.8 84.2 82.4
Precision N | 91.3 90.5 87.4 85.9 89.3 88.2
Recall N 97.9 98.9 71.9 68.1 83.7 82.1

DT |F1 N 93.7 93.6 7.4 74.1 85.4 83.9
Precision M | 98 98.9 70.1 66 77.3 74.5
Recall M 85.7 84 83.7 81.6 84.6 82.7

F1._ M 86.4 85.1 75.7 72.4 80.2 T
Accuracy 87.1 85.5 79.6 78.8 82.9 81.9
Precision N | 83.8 82.4 81.5 81.1 82.4 81.6
Recall N 98 97.5 83.8 83.2 90.1 89.7
GNB | F1 N 89.6 88.4 81.6 81 85.2 84.5
Precision M | 86.6 84.1 75.7 73.5 80.4 78.2
Recall M 76.1 73.5 75.4 74.4 75.7 74

F1_ M 80.7 78 75 73.4 7.5 75.5
Accuracy 95.3 95.3 84.2 82.9 89.2 88.6
Precision N | 97.2 96.3 89.6 88.7 92.2 91.5
Recall N 93.5 94.4 84 82.5 88.3 87.9

LR |F1 N 95.2 95.3 85.5 84.2 89.7 89.1
Precision M | 93.8 94.6 80.9 8.7 88 87.5
Recall M 97.1 96.3 84.5 83.2 90.1 89.2

F1._ M 95.4 95.4 81 79.1 88.3 87.5
Accuracy 94.5 93.6 85.7 83.9 89.6 88.3
Precision N | 97.2 96.1 89.5 88.1 91.8 90.5
Recall N 91.7 91.2 86.7 85.3 89 88

SVC | F1_N 94.3 93.5 87 85.5 90 88.8
Precision M | 92.2 91.7 83.8 81.6 88.9 87.7
Recall M 97.2 96.1 84.7 82.5 90.2 88.7
F1_M 94.6 93.8 82.5 80 89 87.6
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Table B.23: Leave-One-Room-+Speaker+Distance-Out Results. The table presents the
macro and micro averages across all LORSDO folds for each classifier.

LORSDO Average

. V+M F+M V+F+M

Model Metrics Macro | Micro | Macro | Micro | Macro | Micro
Accuracy 68.5 69.3 75.8 7.2 72.6 73.7
Precision N | 67.2 68.4 71.2 2.7 69.4 70.8
Recall N 84.9 85.1 95.9 96.4 91.1 91.4
KNN | F1 N 74.1 74.8 80.9 82.1 78 78.9
Precision_ M | 69 68.4 88.8 90 79.4 80.2
Recall M 52 53.5 55.6 58.1 54 56

F1._ M 57.4 57.8 65 67 61.7 63
Accuracy 85.6 88.7 80 81.1 82.5 84.5
Precision N | 83.9 87.5 84.1 87 84 87.2
Recall N 99.5 99.5 87.5 84.9 92.9 914
QDA | F1 N 89.6 91.8 83.6 83.8 86.4 87.6
Precision M | 99.5 99.5 79.2 78.6 85 85
Recall M 1.7 77.9 72.4 77.3 72.1 77.6

F1._ M 75.1 80.4 70.5 73.4 72.5 76.4
Accuracy 88.7 89.2 74.4 71.2 80.8 79.3
Precision N | 85.6 85.8 81.1 78.3 83.9 83.2
Recall N 99.5 99.5 69.8 62.7 83 79.1

DT |F1 N 91.1 91.4 72.3 67 82 79.8
Precision M | 994 99.5 71.6 68.1 80.3 77.8
Recall M 78 79 78.9 79.7 78.5 79.4

F1._ M 83.3 84.5 73.1 71.5 7.2 76.6
Accuracy 74.9 78.7 71 74.8 2.7 76.5
Precision N | 71.2 75 72 75.9 71.5 75.3
Recall N 97.7 96.6 87.1 86.5 91.8 91
GNB | F1 N 81.2 83.4 76.9 79.2 78.9 81.1
Precision M | 85 86.8 68 71.9 73.1 76.6
Recall M 52.1 60.8 54.9 63.2 53.6 62.1
F1_M 58.8 67 56.4 64 57.5 65.3
Accuracy 87.5 89.1 85 86.1 86.1 87.4
Precision N | 87.9 89.2 87.3 89.9 87.2 89.2
Recall N 91.6 93.1 88.7 87.3 90 89.9

LR |F1 N 89.1 90.5 86.7 87.4 87.8 88.8
Precision M | 86.4 88.6 85 84.5 85.3 85.9
Recall M 83.3 85.2 81.3 84.8 82.1 85

F1._ M 83.8 86 80.6 82.5 82.2 84.2
Accuracy 86.2 86.9 86.3 87.6 86.3 87.3
Precision N | 86.3 87.6 87.4 89.8 86.7 88.5
Recall N 91.4 90.9 91.3 90.4 914 90.6

SVC | F1_N 88.1 88.5 88.2 89.1 88.1 88.7
Precision M | 85.6 86.1 88 87.7 86.8 86.8
Recall M 81 82.9 81.2 84.8 81.1 84
F1_M 82.5 83.7 82.1 84.1 82.4 84.1
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