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SUMMARY

This dissertation presents a method for non-anthropomorphic human-robot interaction
using a newly developed concept entitled Emotional Musical Prosody (EMP). EMP con-
sists of short expressive musical phrases capable of conveying emotions, which can be
embedded in robots to accompany mechanical gestures. The main objective of EMP is to
improve human engagement with, and trust in robots while avoiding the uncanny valley.
We contend that music - one of the most emotionally meaningful human experiences - can
serve as an effective medium to support human-robot engagement and trust. EMP allows
for the development of personable, emotion-driven agents, capable of giving subtle cues to
collaborators while presenting a sense of autonomy.

We present four research areas aimed at developing and understanding the potential
role of EMP in human-robot interaction. The first research area focuses on collecting and
labeling a new EMP dataset from vocalists, and using this dataset to generate prosodic
emotional phrases through deep learning methods. Through extensive listening tests, the
collected dataset and generated phrases were validated with a high level of accuracy by
a large subject pool. The second research effort focuses on understanding the effect of
EMP in human-robot interaction with industrial and humanoid robots. Here, significant re-
sults were found for improved trust, perceived intelligence, and likeability of EMP enabled
robotic arms, but not for humanoid robots. We also found significant results for improved
trust in a social robot, as well as perceived intelligence, creativity and likeability in a robotic
musician.

The third and fourth research areas shift to broader use cases and potential methods to
use EMP in HRI. The third research area explores the effect of robotic EMP on different
personality types focusing on extraversion and neuroticism. For robots, personality traits
offer a unique way to implement custom responses, individualized to human collaborators.

We discovered that humans prefer robots with emotional responses based on high extraver-

XVi



sion and low neuroticism, with some correlation between the humans collaborator’s own
personality traits. The fourth and final research question focused on scaling up EMP to
support interaction between groups of robots and humans. Here, we found that improve-
ments in trust and likeability carried across from single robots to groups of industrial arms.
Overall, the thesis suggests EMP is useful for improving trust and likeability for industrial,
social and robot musicians but not in humanoid robots. The thesis bears future implications
for HRI designers, showing the extensive potential of careful audio design, and the wide

range of outcomes audio can have on HRIL
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CHAPTER 1
INTRODUCTION

Many recent robotic systems focus on achieving human-like features and interactions through
anthropomorphic design. There is a growing body of work that suggests the counter ap-
proach of mechanomorphic design, has a greater potential for improved interaction, through
higher levels of trust and engagement with human collaborators [1]. The concept of “un-
canny valley” describes that as a robot becomes more human, they become more appeal-
ing, until they reach a point where they elicit revulsion. To address this negative effect,
Moore suggests the contrasting, mechanomorphic, “canny” approach, whereby robots are
developed that are clearly robots [2] and openly display their capabilities and robotic fea-
tures. We propose that using emotional musical prosody (EMP) offers a “canny” ap-
proach to robot design and communication for social and industrial applications, leveraging
mechanomorphic design for improved interaction. We hypothesize that EMP can improve
human-robot trust, likeability, perceived intelligence, and task performance on multiple
robotic platforms. This dissertation first describes a new model for creating EMP, and then

presents studies to understand the potential application of EMP across robotic platforms.

1.1 Motivation

As co-robots become more prevalent at home, work, and public environments, a need
arises for improved modes of communication between humans and groups of robots. A
meta-study of human-robot trust [3] has shown that robot-related attributes are the main
contributors to building trust in Human-Robot-Interaction, affecting trust more than envi-
ronmental and human related factors. One of the key robotic attributes shown to contribute
toward trust building with humans is “Robot Personality”. Related research on artificial

agents and personality traits [4, 5] indicates that an effective approach for building trust



and other collaboration metrics with artificial agents is through conveying emotions using
subtle non-verbal communication channels such as prosody and gesture. These channels
can help convey intentions as well as expressions including humor, sarcasm, irony, and
state-of-mind, which help build social relationship and trust.

While synthesized linguistic speech has seen great advances in recent years [6], it has
been shown that humans can be attentive to only limited numbers of linguistic channels,
which can lead to the loss of important information. Facial expression, an alternate non-
semantic emotion-carrying modality [7], bears the risk of creating eeriness and revulsion
known and often involves a large number of Degrees of Freedom (DoFs) that cannot easily
scale to support large groups of robots [8].

In speech and language literature, prosody is clearly defined as the features of speech
that are non-semantic, including the intonation, tone, stress, thythm and pitch [9]. These
features of speech have been extended to describe prosody as “the music of everyday
speech” [10]. Musical prosody has a wider range of interpretations; Palmer and Hutchins
describe that musical prosody is expressive, emotional musical phrases, inspired by prosodic
speech features [11]. They emphasize that musical prosody is related to musical expression,
“because, as in speech, performers manipulate music for certain expressive and coordinat-
ing functions”. For the purpose of this dissertation, we build on the definition proposed
by Palmer and Hutchins to label EMP as musical phrases designed to portray an emotion
through variation in pitch, rhythm, timbre, intonation and stress.

Recent efforts to generate and manipulate prosody focused on linguistic robotic com-
munication [12], and have been successful in conveying expressions such as approval, pro-
hibition, attention, and comfort [13]. However, to our knowledge, there has been no suc-
cessful effort to use EMP without language for robot interaction. We believe that EMP
without language can support many interactions where language is not needed, such as in
noisy environments or group collaborations, allowing humans to execute other tasks while

receiving background information. To address this goal, we propose the use of algorith-



mic music analysis and generation to drive a novel EMP generator. Music is a powerful
medium to convey emotions [14], and shares many of the underlying building blocks of
prosody such as pitch, timing, loudness, intonation, and timbre [10, 15, 16]. We, therefore,
propose that using musical prosody as a means of communication has a transformative

potential for the field of human-robot interaction.

1.2 Research Questions

In order to explore the effect EMP can have on HRI, our central goal was to analyze the

broad question:

What effects can a generative system for EMP have on trust, likeability
and perceived intelligence in individual and group human-robot interac-

tion?

We expanded this central question into four research questions to address multiple
robotic platforms, users and use cases. To realize the potential of EMP, we first collected
and a validated a new Emotionally-Labeled-Musical-Prosody (ELMP) dataset. We then
used the dataset to generate EMP that is able to convey expressive non-semantic informa-
tion to humans. This was followed by multiple studies considering the use of EMP in many
different implementations and formats. We aimed primarily to understand how EMP could
improve metrics such as trust and likeability, and how these vary between different plat-
forms. EMP was then embedded in a personality driven robot, using different emotional
responses to stimuli, to imply varying robotic personalities. We concluded by studying the

effect of EMP in a group of three robots with one human participant.

1.2.1 EMP Generation and Dataset Collection

RQ 1: Can a data driven, EMP system generate musical phrases that can be labelled by

listeners?



To develop a EMP generator we first collected the ELMP dataset, consisting of audio
from three vocalists. Each vocalist improvised for four hours, broken up into 15 minute
segments for 20 discrete emotion classes. The 20 discrete classes were taken from the
Geneva Emotion Wheel, which uses 5 categories from each quadrant of the circumplex
model [17]. We then conducted multiple classification tasks to clarify machine learning
models ability to separate the recorded emotions using audio features. This was followed
by an extensive listening test with users, to identify how well the emotions identified by
each vocalist could be tagged by a broader audience.

We created a model that could generate EMP in real-time. This system was designed
foremost to allow rapid generation and dialogue exchange between humans and robots. For
this reason the system combined symbolic deep learning using MIDI and annotated timbre
features, through a Conditional Convolution Variational Auto-encoder, with an emotion-
tagged audio sampler using generated feature descriptors. We evaluated this system pri-
marily through listening tests with participants choosing the emotion they believe the sys-
tem is attempting to display. We tested the hypothesis that the generative musical system
would result in users correctly labeling emotions with an similar accuracy rate as that of

the (human-generated) ELMP dataset.

1.2.2 EMP, Trust and HRI Metrics

RQ 2: How does EMP alter the level of likeability, perceived intelligence and trust in
social, industrial, humanoid and robotic musicians?

The second research question focuses on using the generated EMP in multiple robotic
platforms. We analyzed EMP implementations in a robotic industrial arm, a humanoid
model, the social robot Shimi, and the musical robot Shimon. For the industrial arm we
conducted a study analyzing potential benefits of using EMP to allow the robot to respond
emotionally to a human’s actions. We tested participants’ responses to interacting with a

virtual robot arm that acted as a decision agent, helping participants select the next num-



ber in a sequence. We then compared results from three versions of the application in a
between-group experiment, where the robot presented different emotional reactions to the
user’s input depending on whether the user agreed with the robot and whether the user’s
choice was correct. One version used EMP audio phrases selected from our dataset of
singer improvisations, the second version used audio consisting of a single pitch randomly
assigned to each emotion, and the final version used no audio, only gestures. In each ver-
sion, the robot reacted with emotional gestures. Participants completed a trust survey fol-
lowing the interaction, which we then compared to how often they followed suggestions in
the simulation. We then replicated this study for the humanoid robot to analyse differences
across platforms.

The next study used the social robot Shimi interacting with emotional phrases that
match a users’ choice emotion in an in-person study. This study was conducted as a
between-group study with one version of Shimi using EMP while the other used a SOTA
text-to-speech system and trust measured in a post-interaction 40 question survey. The fi-
nal study analyzed EMP in the musical robot Shimon. We conducted a between-groups
study with participants watching a musician interact for 30 seconds with Shimon, followed
by Shimon responding either with EMP or text-to-speech. We collected survey responses
for likeability, perceived intelligence, animacy and anthropomorphism. We also aimed to
understand if EMP is capable of altering the perception of a robot’s key functionality, in

this case ratings of musical generation ability and creativity.

1.2.3  Personality Preferences

RQ 3: Does a person’s personality alter their ratings of different emotional responses
portrayed through robotic EMP?

Research question 1 focused on developing a EMP generation system, while research
question 2 analyzed EMP’s impact on multiple robotic systems. Research question 3 further

explores the potential of EMP when combined with personality traits to understand how



emotional reactions can be leveraged in human-robot interaction. Personality has been
widely utilized in human robotic interaction research, such as in work that embed human
personality in a robot to drive certain reactions and uses [18]. While emotion is considered
a critical feature of personality and is intertwined with the definition of personality itself
[19], little research has been conducted addressing the interaction of personality, emotion,
and robotics. For this research question we considered links between two of the Big Five
personality types, Neuroticism and Extraversion. We chose Neuroticism and Extraversion
as both have shown robust and consistent findings in their role in emotion for a human’s
personality [20].

To display these personality traits, we programmed robots to show different emotional
responses to stimuli through EMP and gesture, based on common human emotion re-
sponses. These emotional responses were reduced to the robotic arm displaying responses
to visual stimuli, for example High Neuroticism and low Extraversion (HighN-LowE) per-
sonalities are consistently more likely to respond to positive stimuli with lower valence
emotions, such as relief. Low Neuroticism and High Extraversion (LowN-HighE) person-
alities are much more likely to respond directly with Joy or Happiness [21].

We conducted two separate studies aiming to evaluate our EMP for future use of emo-
tion variation and personality. The first study compared preferences between a robot and
human personality types. We used a between-group study, with either a high Neuroticism
and low Extraversion robot or low Neuroticism and high Extraversion robot. Robot person-
ality traits were displayed through varying emotional responses demonstrated in to visual
stimuli. We then compared preferences from different human personality types for each
robot version. The second study analyzed whether the same preference would occur when

choosing between isolated emotional responses, using a within-group study design.



1.2.4  Group Interaction

RQ 4: Can EMP be scaled to group robotics, to reduce entitativity while increasing trust
and likeability ratings?

Research questions 1, 2, and 3 addressed dyadic human-robot interaction with a single
human and single robot participant. Emotions, however, are an inherently social activity
that are elicited by others, expressed towards groups, and regulated to influence people
[22]. Research in human-robot interaction has focused on the relationship between a single
robot and a single human participant. Only limited research has addressed the contrast-
ing dynamic when humans interact with a group of robots. This dynamic adds additional
human-robot interaction considerations, such as the level of entitativity, which is the iden-
tification of a group as a single entity as opposed to a collection of individuals. Research
Question 4 examined the role EMP can play in improving the interaction between humans
and groups of robots by modifying the level of entitativity.

We conducted a between-group experiment, presenting to subjects a group of industrial
robotic arms performing a task either without sound, with the same EMP voice for each
robot, or with contrasting voices for different robots. We then analyzed the same metrics
used in individual robotics, such as trust and likeability and measured if the improvements
from individual robots carries to groups of robots. This was follow be an analysis to de-
termine if through subtle variations in timbre, EMP is able to alter the level of entitativity
perceived by external observers. Finally, we aimed to extend broader HRI understandings

of the interaction between entitativity and common HRI metrics.

1.3 Contributions

This dissertation will lead to new knowledge about the analysis and generation of non-
semantic emotional communication channels and their effect on human-robot interaction.

The project will, for the first time, show how a novel musically-informed generative model



that manipulates emotional content in robotic communication could be integrated into other
emotion conveying channels such as physical gestures to improve and enrich human-robot
interaction. The project will lead to new knowledge about the relationship between mu-
sical features and vocal prosody. It will provide new insights regarding the potential and
limitations of non-semantic emotional communication channels constrained by limited de-
grees of freedom (DoFs), velocity restrictions, and non-humanoid design. By manipulating
robotic emotional conveyance in a well controlled environment, the project will also lead to
novel insights on human emotional response to emotional robots. The project will therefore
provide a new paradigm for increasing engagement, relatability, and trust in various scales

of human-robot interactions. The primary contributions are listed below:

1. A new model for EMP generation for robotics. Informed by machine learning, this

model will apply musical features over vocal prosody [Chapter 3]
2. A new dataset of emotion-tagged musical phrases [Chapter 3]

3. A novel approach for building trust between humans and robots through different

combinations of non-semantic emotional conveyance [Chapter 4]

4. New knowledge about humans’ preference for robotic emotional response based on

personality [Chapter 5]

5. New knowledge on applications for EMP in groups of robots [Chapter 6]



CHAPTER 2
RELATED WORK

2.1 Human-Robot Interaction

2.1.1 Methods of Communication

Verbal language based interaction is the prominent form of audio communication used in
human-robot interaction [23] covering a wide range of tasks from robot companions [24] to
industry [25]. With the growth of text-to-speech platforms and voice assistants, verbal com-
munication is now easy to implement across many platforms [26]. It has been shown that
the voice quality and characteristics affect the nature of the interaction, with playful voices
changing the tone of the dialogue [27]. Many voice systems aim to sound as human-like
as possible, however studies have shown that effort to sound like a human can negatively
affect the expectations set by the end user and can decrease usage [28]. For example, it
has been suggested that the dominant form of a female voice widely accepted by Amazon
Alexa, Apple’s Siri and Google Voice is not necessarily the best form of communication
especially in robotics [29].

Often, human-robot interactions do not include language. Jones divided these non-
verbal forms of communication into six categories, kinesics, proxemics, haptics, chrone-
mics, vocalics, and presentation [30, 31]. Kinesics includes communication through body
movement, such as gestures [32], or facial expressions, while proxemics focuses on the
robotic positioning in space, such as the distance from a human collaborator [33]. Haptics
refers to touch based methods [34], while chronemics includes subtle traits such as hes-
itation [35]. Presentation includes the way the robot appears, such as changes based on
different behaviour [36]. The category, vocalics, includes methods such as prosody [12].

The vast majority of these communication techniques require significant technical and fi-



nancial expense and variation to a system [31].

Social robot communication modalities are often derived from human behaviour such
as gestures and gaze [37]. However, these modalities are not readily available to robotic
arms [38]. Amongst research into methods for robotic arms to communicate and signal
their intent, there is no standardized set of approaches [39]. While controlling movement
to show intent has shown successful results [40], changes to path planning and movement
dynamics is often not feasible without altering the core intent of carefully planned move-
ment. Another effective method for arms to display their intent is through artificial vision of
arobot’s future trajectory, such as a human worn augmented reality display [41]. However,
this requires a significant financial investment and is a potential distraction to the user.

There is only limited work in sound and HRI outside the use of speech systems, with re-
search on the impact of sound relatively rare [42]. Studies have been conducted to analyze
whether the use of a beep improves perception of a robot with positive results, although
more considered application of the range of possible audio sounds has not been conducted
[43]. Consequential sounds are the sounds made by a robot in normal operation, such as
motors and physical movement. The sound from motors has been used as a communica-
tion tool through modification of gesture [44], as well as used to improve localization [45].
Overall, consequential sounds have been analyzed for their impact on interaction with pri-
marily negative results [46, 47]. Sonification of robotic movements has been examined,
such as in relation to emotions for children with Autism Spectrum Disorder (ASD) [48],
or for general movement of robots [49]. While there are multiple attempts to incorporate
sound beyond spoken language into robotics, it is ultimately very limited in scope with
broad potential for further research. There has not been the same sound tested on mul-
tiple platforms, or even the same platform in different interaction types, and each sound

implementation is very rarely explored outside single one-off studies.
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2.1.2 Trust and HRI Metrics

Trust is a key requirement for working with collaborative robots, as low levels of trust can
lead to under-utilization in work and home environments [50]. In autonomous and robotic
systems trust is generally agreed to be an positive attribute as well [51, 52]. A key com-
ponent of the dynamic nature of trust is created in the first phase of a relationship [53,
54], while lack of early trust building can remove the opportunity for trust to develop later
on [55]. Lack of trust in robotic systems can also lead to expert operators bypassing the
robot to complete the task [56]. Trust is generally categorized into either cognitive trust
and affective trust [57]. Perceiving emotion is a crucial for the development of affective
trust in human-to-human interaction [58], as it increases the willingness to collaborate and
expand resources bought to the interactions [59]. Importantly, relationships based on affec-
tive trust are more resilient to mistakes by either party [58], and perceiving an emotional
identity has been shown to be an important contributor for creating believable and trust-
worthy interaction [4, 5]. In group interactions, emotional contagion has been shown to
improve cooperation and trust in team exercises [60, 61, 62].

While trust is widely addressed in HRI literature, there are many other attributes with
other metrics that have been develop to broaden understandings of HRI. One of the most
widely used survey is the Godspeed Questionnaire Series, which measures anthropomor-
phism, animacy, likeability, perceived intelligence, and perceived safety of robots [63].
Each metric in the Godspeed survey is measured with 4-5 bipolar sub-questions. While the
Godspeed metrics have recently shown to be problematic, we chose to use them for several
reasons. One issue is the use of a bipolar-scale rating instead of a Likert scale [64]. We
believe that having a high rating for Cronbach’s Alpha somewhat alleviates the concern that
each rating is not truly opposite, as that implies that at least each rating is internally reli-
able. In comparison to other alternate metrics that build on the Godspeed metrics, Robotic
Social Attributes Scale (RoSAS) [65], the Godspeed was chosen as it allows us easy com-

parison between both our own existing studies, as well as many past studies that address
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the qualities from Godspeed with 2015 meta analysis indicating this survey had been used
at least 160 times [66]. Other survey’s are often created for a specific metric with more
extended questions such as ratings for self-efficacy [67] or willingness to interact [68]. It is
also very common for psychology and social studies metrics to be adopted within the field

of robotics, such as the mind attribution scale [69].

2.1.3 Emotion

Emotion has received considerable attention in psychology with many different methods of
classification emerging [70]. Most prominent amongst these is the discrete categorization
by Ekman defining the six basic emotions, fear, anger, disgust, sadness, happiness and
surprise [71]. Emotions are also often described through a continuous scale, with the most
common being the circumplex model, mapping emotion on the two dimensions, valence
and arousal [17]. A related term to emotion is mood, which is usually described as emotion
over a longer time span, with more gradual shifts than emotion [72].

Emotion in robotics has seen dramatic increases in research over the last thirty years,
spanning many applications and platforms [73]. This research can primarily be divided
into two main categories, emotion for improved performance (called “survivability””) and
emotion for social interaction [74]. Survivability invokes the belief that emotion is key to
animals’ ability to survive and navigate the world and can likewise be used in robots. This
includes situations such as an internal emotion based on external danger to a robot [75].
The second category - social interaction - addresses anyway emotion is used to improve
interaction, such as analyzing a humans emotion, or portraying emotion to improve agent
likeability and believability [76].

The ability to express emotion through nonverbal means can be an effective tool for
computational and mechanical systems which interact with people. Coulson’s component
process view of emotions is defined as the “affective significance of a series of evaluations”

[77]. These physical behaviors are usually an unconscious reaction and can be considered
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representations of one’s internal states. There is a large body of evidence which supports
facial expressions and prosodic cues as being indicative of a person’s internal emotional
state [7, 78, 79, 80]. It has also been shown that there is a relationship between external
physical behavior and emotional states [81, 82], and evidence suggests that body language
expresses emotional states better than facial expression [83]. Humans can associate pos-
tures and movements with particular emotions [84, 85, 86, 87, 88], while the human brain
can process emotional body language without reliance on the primary visual cortex [89].
Gestural interaction is one of the important facets of emotional communication, as studies
have shown that characteristics such as velocity, acceleration, and location can influence
how people respond emotionally to robotic movement [90, 91]. In related work, it has been
shown that robots which respond to humans using expressive behaviors enable more nat-
ural, engaging, and comfortable human-robotic interaction [92, 13, 93]. An emotionally
responsive and expressive robot can, therefore, be effective in social situations such as in
learning and teaching environments by communicating information such as compassion,
awareness, accuracy, and competency through a non-conscious affective channel [94]. Lee
[95] investigated how certain robotic gestures can lead to trust building with humans while
other gestures might hamper trust in such social interactions. In group social settings, emo-
tion conveying gestures can also be used to elicit responses from other contributors and
improve group efficiency by minimizing social conflicts [96, 97, 98, 99].

One of the well known robots designed to express emotions is MIT’s Kismet, which in
addition to torso gestures can convey emotions using facial expression on a continuous va-
lence, arousal, and stance scale [100]. Other efforts to design emotionally expressive robots
include Cathexis, which is based on the six primary emotions of anger, fear, disgust, sad-
ness, happiness and surprise [101], and NAO which uses automated scheduling of discrete
motion primitives driven by beat and emotion in music [102]. A more recent system de-
signed for human-machine companions integrates the use of both discrete and continuous

emotions [103]. Here, external events are subjected to an appraisal process and interpreted
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as discrete emotional stimuli. A few related works have attempted to use robotic gestures
to accompany speech to help convey affective information to the observer [104]. Gestures
have also been found to serve as a component of the speech planning process, helping
speakers to organize and conceptualize spatial information [105]. Informed by these sys-
tems, researchers such as Salem [106] have developed integrated models of speech-gesture
production to address concurrence. However, to our knowledge, there is no prior work
that attempts to integrate physical gestures and EMP to convey robotic emotional states, as

proposed in this dissertation.

2.2 Computational Music

2.2.1 Emotion

While the underlying mechanisms of humans’ emotional response to music are still being
investigated and are under debate [107], it is agreed that music is a powerful medium for
evoking emotions [14]. In the Music Information Retrieval (MIR) community, efforts have
been made to understand the relation of emotion and music [108], focusing on Perceived
Emotions (the emotions perceived by listeners to be expressed in the music), rather than
Felt Emotions (the emotions felt by the listener while listening to music) [109]. In recent
years, machine learning has become dominant for understanding emotions in music, and
the MIREX audio mood Classification Task [110] has become a common base-line for
categorical musical classification of emotions. Some efforts have been made to pre-train
classifiers for alternative musical emotion categories such as passionate, cheerful, bitter-
sweet, silly/quirky, and aggressive [111]. For modeling musical emotion based on the
dimensional emotional model of valence and arousal, regression models such as Support

Vector Regression (SVR) have been commonly used [112].
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2.2.2 Human-Computer Interaction through Sound

Musical and audio-driven systems have been used to serve many areas across technolog-
ical systems. Sonification, where audio is used to communicate data, has been widely
integrated into computer systems. Examples include head gesture sonification to support
social interaction for visually impaired persons [113]. Sonification has also been used to
convey information for improving human-human interactions. Oh et al. sonified 2-d ges-
tures in order to teach visually impaired persons to perform the gesture, finding that pitch
best mapped to vertical movements while stereo panning best mapped to horizontal move-
ments [114]. Many dance sonification projects have also been conducted, such as real-time
audio based on dancers’ movements [115]. Sonification of physical gestures has addition-
ally been used widely in sports such as optimizing performance in rowing [116]. In robotics
research, Zhang et al. studied robotic sonification in relation to emotions for children with
Autism Spectrum Disorder (ASD) [48].

In other related work, sound has been used to increase trust in digital assistants through
the addition of basic sound patterns [117]. In 1997, Alty et al. presented a position paper
that described the potential of music to become a key communication medium for all tech-
nology [118]. They argue that audio is underused in many tasks such as code debugging.
Other research using audio has focused on the potential for communicating graphical inter-
faces to the visually impaired [119]. Music has also been used for roles in technology such
as a sports training guide to encourage casual runners [120] or to improve navigation while
driving [121]. While these studies all suggest the vast potential for music in HCI and HRI,

they are almost all single studies with systems that are used only for the experiment itself.

2.2.3 Generative Music

Computer generative music systems have been widely explored starting from systems in
the 1950’s [122]. Early systems in generative music can be primarily be split between rule-

based systems or stochastic systems [123]. Rule-based systems focused on the creators
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musical choices, who often acted as programmer and composer, such as Padberg’s Canon
and Free Fugue which was inspired by 12-tone composition [124]. Stochastic systems
often involve randomness and probability to generate music [125]. Musical generation has
largely followed broader trends in computer science, with a higher emphasis on approaches
based on methods from Al gradually emerging. Early uses of Al for music generation
used processes such as Markov models, genetic algorithms and cellular automata, before
gradually shifting to a high reliance on existing musical datasets [126].

Modern state of the art music generation systems primarily leverage deep learning
[127]. These systems can focus on symbolic training, where the system learns from musi-
cal representations, such as MIDI. Music transformer, trained on classical piano music is
able to generate music with long-term structure [128]. Many systems also focus on gener-
ating raw audio itself, Jukebox is able to generate full songs, sample-by-sample from audio
[129]. Both the symbolic Music Transformer and the audio based Jukebox require exten-
sive datasets, and extreme resources to train. They are also both only capable of generating
offline, with no potential use in real-time systems. For real-time interactive systems, the
primary focus is existing earlier approaches, such as Continuator which a collection of
Markov models to generate phrases [130]. Overall, work for real-time computer musical

phrase generation is significantly overlooked.

2.3 Prosody

Vocal prosody addresses the intonational and rhythmic aspects of spoken language that are
not encoded by grammar or vocabulary, and bears strong resemblance to music in the man-
ner it conveys emotions. Figure 2.1 shows the spectrogram for a single English phrase, spo-
ken by the same actor in four emotions. This figure highlights the different pitch and timbre
features between each emotion. In both music and prosody, emotions can be classified in
a discrete categorical manner (happiness, sadness, fear, etc.) with more complex emotions

considered as a combination of two or more of these fundamentals [131]. Prosody varies
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widely between languages and cultures, in tonal languages such as Mandarin, changing
prosody features can convey different semantic meanings [132]. Other prosodic variations
between languages include features such as the use of rhythm and timing between Span-
ish and English, while there exist wide variations in the use of pitch between English and
Japanese [133].

Music shares many of the underlying building blocks of prosody such as pitch, timing,
loudness, intonation, and timbre [10, 15, 16]. The relation between speech and music
has been widely studied [134]. Research has categorized and compared the relationship
between speech and music, with common acoustic features often employed and analyzed

in the same manner [135, 136, 137].

Compassion Relief
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Hate
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Figure 2.1: Spectrogram of prosodic phrases (blue line indicates pitch contour).

Prosody supporting language has been proven to be an effective communication chan-
nel to convey mood and emotions [138]. Robotic researchers have therefore attempted

to model and manipulate emotion through prosody synthesis over the last 25 years [12].
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Early rule-based prosodic systems such as in concatenative speech synthesizers [139] have
been replaced by data-driven techniques such as Hidden Markov Models [140] and more
recently Deep Learning [141], leading to significant advances in producing more natural
sounding synthesized speech. While researchers in this field have explored both the cat-
egorical [142] and dimensional approaches [143] to modulate emotions little research has
been done into how the emotional manipulation of robotic voice is perceived by human
collaborators. While the basic elements of prosody such as pitch, timing, loudness, into-
nation, and timbre, are commonly used in music analysis and generation ([10], [15], [16]),
no known efforts have been made to use models from music analysis to inform robotic

prosody, as we propose here.

2.4 Summary

The research in this dissertation aims to develop new methods for robotic communication
through the use of sound. To do this it combines literature and common research process
from HRI, with generative software techniques and approaches from music technology.
Broader approaches and understandings of prosody have been developed in both music
technology and HRI, however prosody without language has been generally overlooked.
We believe that by leveraging music technology processes to generate prosody we can

develop new modes of interaction that can improve the field of HRI.
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CHAPTER 3
GENERATING EMP FOR ROBOTICS

Text from this section has been published as:

Before, Between, and After: Enriching Robot Communication Surrounding Collabora-
tive Creative Activities, Richard Savery, Lisa Zahray, Gil Weinberg, Frontiers in Robotics
and Al: Creativity and Robotics, 2021 [144]

Musical Prosody-Driven Emotion Classification: Interpreting Vocalists Portrayal of
Emotions Through Machine Learning, Nic Farris, Brian Model, Richard Savery, Gil Wein-
berg, 18th Sound and Music Computing Conference, 2021 [145]

Emotional Musical Prosody: Validated Vocal Dataset for Human Robot Interaction,
Richard Savery, Lisa Zahray, Gil Weinberg The 2020 Joint Conference on Al Music Cre-

ativity (CSMC + MUME), 2020 [146]

To apply EMP in robotic systems, and develop new understandings of the impact on
HRI, our first step was to develop a robust model for creating EMP. At the basis of our
new model for EMP was the collection of a new Emotionally-Labeled-Musical-Prosody
(ELMP) dataset. This dataset forms the foundation for generating EMP for robotics in real
time. After collecting the dataset we conducted a range of classification tasks to validate the
ability for machine learning features to separate the dataset by emotion. We then developed
a new generative model trained on pitch sequences from the dataset combined with a scale-
based audio sampler for real-time musical playback. Our first research question explores
the use of the dataset for a deep learning generative system.

RQ 1: Can a data driven, EMP system generate musical phrases that can be labelled

by listeners?
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3.1 Dataset

Before collecting the data, we conducted exploratory sessions with seven different student
musicians, comparing their ability to improvise different emotions using different classi-
fication systems. We additionally evaluated how well the musicians in this group could
recognize the emotions played by other musicians. This process consisted of a 45 minute
in-person session, with musicians first improvising, followed by an informal interview to
discuss the difficulty and their preferences for emotional classifications for improvisation.
After these sessions, we decided that the Geneva Emotion Wheel (GEW) [147] was best
suited for our purposes. The GEW is a circular model, containing 20 emotions with emo-
tions and position corresponding to the circumplex model.

Our decision to use the GEW was based on multiple factors, firstly we aimed to capture
as large a range of emotions as possible, that could be accurately improvised by musicians
in the sessions. In our exploratory study, the GEW balanced between having many rec-
ognizable classes, while also avoiding the potential confusion from too many overlapping
classes, or the challenge of continuous classes such as the circumplex model. The GEW
also has advantages for implementation, with 20 different discrete emotions which can be
reduced to four separate classes, aligned with a quadrant from the circumplex model. GEW
also includes most of Ekman’s basic emotions - fear, anger, disgust, sadness, happiness -
only leaving out surprise. The ability to potentially reduce our collected dataset between
these different models of emotion allows for significant future use cases.

We first created a short list of vocalists who we have worked with in the past. We then
conducted Skype calls with multiple professional vocalists refining the overall plan and
describing the process. The final three vocalists that recorded phrases for the dataset were
Mary Esther Carter !, Ella Meir 2 and Aya Inohue. All three are professional vocalists and

improvisers who the authors have worked with before, and were confident would be able to

Thttps://maryesthercarter.com/
Zhttps://www.ellajoymeir.com/
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create a dataset matching the projects goals. Additionally, each vocalist has a performance
and acting background, which led us to believe that they would be able to not just sing
emotionally, but have a higher perception of how emotion would appear to a broad external
audience.

Each vocalist had at home access to high quality recording equipment. The vocalists
were paid $500 to record the samples over a week long period at her home studio, using
a template we created in Apple digital audio workstation - Logic Pro, while maintaining
the same microphone positioning. For the samples we requested phrases to be between
1 and 20 seconds, and to spend about 15 minutes on each emotion, allowing unscripted
jumping between any order of the emotions. We allowed deletion of a phrase if the singer
felt retroactively that the phrase did not capture the correct emotion. The final recorded
dataset includes 8863 phrases equalling 14 hours of data with an average of 443 phrases
for each emotion. Samples from the dataset can be heard online.?

It should be noted that this dataset comes from three musicians, and therefore only
captures three individuals perspectives on musical emotion. While the dataset can make
no claim to represent cross-cultural emotion conveyance and does not create a generalized
emotion model, we believe that only collecting data from three musicians has advantages.
By having vocalists of similar style our system can recreate a general emotional style,
avoiding incorrectly aggregating multiple styles to remove distinctive individual and stylis-

tic features.

Dataset Validation

To validate the dataset, we conducted a study with 45 participants for each vocalist from
Prolific and Mechanical Turk, paying each $3 for 10 minutes. Each question in the survey
asked the participant to listen to a phrase and select a location on the wheel corresponding

to the emotion and intensity they believed the phrase was trying to convey. Phrases fell

3www.richardsavery.com/prosodycvae
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under two categories of “best” and “all”, with each participant listening to 60 total phrases
selected at random. Between the 45 participants listening to 60 phrases, 2700 ratings were
given per vocalist, which we believe gave a strong overall rating of the dataset.

The “all” category consisted of all phrases in the dataset for that emotion, with a new
phrase randomly selected for each participant. The best emotions were chosen to ensure an
even distribution of phrase lengths in each emotion set, with each emotion having a chosen
phrase for the lengths, 3, 5, 7, 9, and 11 seconds. When multiple phrases existed for each
length the authors chose phrases that were most distinctive in style from the other emotions,
aiming to create a stylistic separation between each emotion class.

To validate the data we primarily compared participants responses to their ability to
recognize the emotion by quadrant. We focused on comparing by quadrant as we believed
for the purpose of future studies participants being able to in-distinguish between categories
such as “love” and “admiration” was not as critical. We additionally marked phrases that
had an accuracy of over 80% for future use, which were most common for disgust and
sadness.

We computed the mean and variance for each emotion, weighted by intensity, using the
methods described in [148], which rely on circular statistics. The results are shown in Table
3.1, with a comparison to our generated phrases which are discussed in Section 3.2. The
first columns show the percentage of all data points that were classified as an emotion in the
correct quadrant. The next columns, showing average difference, were calculated by first
finding the difference between each ground truth emotion’s angle and its weighted average
reported angle, and then averaging that value over the emotions within each quadrant. It is
worth noting that only three emotions in the dataset and two emotions in the generated data
had weighted average angles outside the correct quadrant. The final units were converted
from degrees to units of emotion (20 emotions in 360 degrees). The last columns, showing
variance, were calculated by finding the weighted variance for each emotion (converted to

units of emotion), and then averaging for each quadrant.
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Table 3.1: Results of emotion survey for dataset phrases compared with generated phrases.
See Section 3.2.3 for an explanation of the metrics.

Quadrant | % Correct Quadrant | Average Difference Average Variance
Dataset | Generated | Dataset | Generated | Dataset | Generated
1 57.2 56.3 1.32 1.98 1.76 1.83
2 54.5 52.5 1.45 0.96 1.79 1.88
3 57.4 51.5 2.16 1.93 1.92 1.89
4 43.7 31.9 1.61 1.24 1.86 2.03
Table 3.2: Features Extracted
ID Feature
1 Zero Crossing Rate
2 Energy
3 Entropy of Energy
4 Spectral Centriod
5 Spectral Spread
6 Spectral Entropy
7 Spectral Flux
8 Spectral Rolloff
9-21 MECCs
22-33 Chroma Vector
34 Chroma Deviation

3.1.1 Dataset Analysis

To demonstrate the potential of our dataset we conducted multiple machine learning ex-
periments. Prior work focusing on emotion music classification has found success in the
implementation of k-nearest neighbor (K-NN) and support vector machines (SVM), finding
the highest accuracies using SVMs [149]. In exploration of the relationship of feature ex-
traction techniques and their contribution toward emotional classification, we implemented
a variety of machine learning models, and trained and evaluated KNNs, linear SVMs, Ran-
dom Forests, Extra Trees, Gradient Boosting, and Feed Forward Neural Networks (FFNN).

We first analyzed Mary Carter’s dataset alone, to attempt to categorize emotion for one
singer before generalizing across all three. We chose to start with only one vocalist to
be sure we could classify the vocalists individually, before generalizing acroos all three.
We analyzed the baseline accuracies, F-scores, and confusion matrices achieve by training

KNNs, linear SVMs, Random Forests, Extra Trees, Gradient Boosting models utilizing
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Table 3.3: Single Taxonomy, 1 Singer Classification Results

Model Accuracy | F1 | Hyperparam
KNN 33.8 32.1 C=15
SVM 49.1 48.1 C=5.0

Extra Trees 44.3 42.8 C=500

Gradient Boosting 47.2 46.6 C=200
Random Forest 43.8 42.3 C=200

the audio features outlined in Table 3.2. Table 3.3 shows the best accuracy, F1-score, and
selected hyper-parameter for each of our models. Each model significantly outperforms
random guessing. Even the worst model, the KNN, performs 6.5 times better than random
chance (20 possible categories = 5% chance random guessing). Our best model, the linear
SVM, performs approximately 10 times better than random guessing with an accuracy
of 49.1%. The confusion matrix for the single emotion taxonomy has been included in
Figure 3.1. Analysis of this confusion matrix yields a few observations: Disgust is rarely
confused with other emotions, having the highest individual accuracy of 81.4%. We expect
that disgust is easily categorized as in our review of the dataset the vocalists often used
specific timbres to emphasis the emotion. Disgust has also shown significant similarities
in human’s vocalization across English speaking groups [150]. Fear and Guilt are the
two most common pair of emotions to be confused for one another. Pleasure is the most
difficult emotion for the model to classify correctly, having the lowest individual accuracy
of 18.6%. Our models also perform extremely well when tasked with categorizing between
two emotions, achieving accuracies as high as 98.9% with a f1 of 98.9 in the distinction
between Love and Disgust using a SVM. This reinforces the intuition that by reducing the
number of emotional categories we can achieve higher accuracies for identification.

We next evaluated the ability for these models to generalize across all three singers.
With the exception of linear SVM, all model architectures maintain similar accuracies when
trained on the 3 singer datasets, showing the ability of emotion to generalize across this

dataset. Figure 3.2 shows the confusion matrix for all three singers.
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Prediction

HCN HCP LCN LCcP
Ang Contem Disg Hate Reg Amu Int Joy Ple Pri Disa Fear Gui Sad Sha Adm Com Conten Love Rel Total  Acc

Ang 2.94 0.41 0.16 0.41 0 0.08 0 0.08 0.08 0.08 0 0.16 0.08 0 0.16 0 0 0.08 0.08 0.08 4.88  60.2%
Contem 0.65 1.88 0.16 0.33 0.41 0.08 0.08 0.08 0.16 0 0.16 0.49 0.33 0 0.08 0.33 0 0 0 0.08 5.3 35.5%
HCN Disg 0.24 0.08 5:31 0.08 0 0.33 0 0 0 0 0.16 0.16 0 0 0 0.08 0 0 0 0.08 6.52 81.4%
Hate 0.57 033 0.24 3.35 0 0.16 0.08 0.33 0 0 0 0.16 0 0.16 0 0 0 0 0.24 0.08 5.7 58.8%
Reg. 0.24 0.08 0.08 0.16 1.47 0 0.08 0 0.41 0.16 0.16 0.08 0.49 0.08 0.16 0.08 0.41 0.16 0 0.16 4.46  33.0%
Amu 0 0 0.16 0.08 0 3.18 0.33 0.33 0 0.08 0 0.08 0 0 0 0.16 0 0 0 0.08 4.48 71.0%

Int 0 0.16 0 0 0.08 0.82 212 0 0.24 0.16 0.16 0 0 0.16 0.08 0.24 0.24 0.65 0.08 0.08 5.27 40.2%
HCP Joy 0.08 0.16 0 0.33 0.08 0.57 0.08 2353 0.41 0.08 0.08 0.08 0 0 0 0.49 0.16 0 0.33 0.24 5.7 44.4%
Ple 0 0.16 0.08 0 0.24 0 0.41 0 1.06 0.16 0.24 0 0.41 0.08 0.24 0.41 0.73 0.49 0.82 0.16 5.69 18.6%

Pri 0.16 0.08 0 0 0 0 0 0.08 0.08 237 0.08 0.08 0.08 0 0 0.24 0.16 0.16 0.33 0.16 4.06 58.4%
Truth Disa 0.16 0 0.16 0 0 [ 0.08 0.08 0.08 0.08 245 0.08 0.33 0 0.16 0.08 0.16 0 0 0.16 4.06 60.3%
Fear 0.24 033 0.08 0.16 0.08 0 0 0 0.24 0.08 0.08 253 0.49 0.08 0.16 0.08 0.08 0 0.08 0.08 4.87 52.0%

LCN Gui 0.08 0.08 0 0 0.24 0.08 0 0 0.24 0.24 0.08 114 2.45 0.08 0.16 0.08 0.08 0.24 0 0 5.27 46.5%
Sad 0.33 0 0.16 0.24 0 0 0.24 0 0 0 0.24 0 0 1.71 0.16 0 0.08 0.16 0.08 0.24 3.64 47.0%

Sha 0.08 0.16 0.08 0.16 0.33 0 0 0 0.08 0.33 0.24 0.65 0.33 0.08 1.55 0.08 0.16 0.33 0.16 0.08 4.88 31.8%
Adm 0.08 0.08 0 0.16 0 0.41 0.24 0.24 0.16 0 0.24 0 0 0 0 229 0 0 0.08 0.08 4.06 56.4%
Com 0 0.08 0 0 0 0 0.16 0 0 0.41 0.49 0.16 0.16 0 0.16 0.08 2.2 0.41 0.16 0 4.47 49.2%

LCP Conten 0.08 0.08 0 0 0.16 0.16 0.08 0 0.33 0.08 0.08 0.08 0.16 0.24 0.08 0.49 0.98 171 0.08 0 4.87 35.1%
Love 0.08 0.08 0 0.08 0 0.16 0.24 0.16 0.33 033 0 0.16 0.24 0.08 0 0.16 0.82 0.41 1.96 0 529 37.1%

Rel 0.08 0.16 033 0.24 0 0 0.16 0.16 0.08 0 0.16 0 0.08 0.16 0 0.16 0.16 0.08 0.08 4 6.09 65.7%
Total 6.09 4.39 7 5.78 3.09 6.03 4.38 4.07 3.98 4.64 5.1 6.09 5.63 2.91 3.15 5.53 6.42 4.88 4.56 5.84 100 49.1%

Figure 3.1: SVM, Individual Taxonomy, 1 Singers Confusion Matrix

Prediction
HCN HCP LCN Lcp
Ang  Contem Disg  Hate Reg  Amu Int Joy Ple Pri Disa Fear Gui  Sad Sha  Adm Com Conten Love Rel Total  Acc

Ang 174 034 059 05 007 032 014 007 002 034 009 002 009 002 007 007 005 0 002 009 465 37.4%
Contem 027 206 025 041 025 009 018 025 018 0.2 0.2 02 011 009 025 02 007 002 005 027 542 380%
HCN Disg 0.45 05/ 258 068 002 045 007 007 002 016 002 005 007 002 005 011 0 002 0 02 554 46.6%
Hate 038 038 057 247 005 011 007 029 016 027 009 005 002 005 016 007 005 009 0.14 02 567 43.6%

Reg 002 034 002 011 226 0 007 0 023 007 007 018 018 014 011 011 034 005 023 034 487 46.4%
Amu 009 002 034 011 of 238 o029 038 02 045 0 002 0 0 0 018 005 025 005 016 497 47.9%

Int 0 014 011 005 007 02/ 256 034 005 005 009 029 014 025 025 002 007 014 007 0.1 5 51.2%
HCP Joy 007 014 007 016 009 045 011] 2.8 009 007 005 023 007 018 007 014 005 0 0 009 5 57.4%
Ple 005 016 007 016 007 016 002 007 192 045 011 007 0.2 0 011 029 025 075 027 0.2 52 36.9%

Pri 009 009 005 016 007 034 014 027 038 235 0 014 0 002 018 023 007 034 016 036 544 43.2%
Truth Disa 014 011 007 009 011 0 o011 0 025 009 1.8 025 025 02 025 0.5 02 007 007 016 43 42.6%
Fear 009 027 005 009 007 005 025 011 023 005 016/ 285 027 018 029 005 011 0 011 005 533 535%

LCN Gui 007 011 007 002 0.09 0 011 007 014 002 032 054 167 007 023 009 011 002 014 007 396 42.2%
Sad 0 005 002 009 0.09 0 02 009 011 002 007 048 014 253 029 002 016 005 011 011 4.63 54.6%

Sha 014 016 014 014 014 0 016 007 007 007 025 045 025 034 197 005 007 016 014 014 491 40.1%
Adm 007 011 007 023 027 018 007 018 036 025 009 007 002 018 009 124 027 011 011 032 429 28.9%
Com 0 02 009 014 0.2 0 002 0 027 014 005 007 007 007 011 014 176 034 05 036 453 38.9%

LCP Conten 0 009 002 011 011 011 007 007 061 036 0.14 0 005 002 014 016 032 174 034 041 487 357%
Love 0 007 0 014 02 005 007 011 057 016 014 011 005 005 002 041 048 038 161 0.5 512 314%

Rel 011 007 029 02 032 016 014 007 016 023 0.9 0 0 007 0 029 018 023 051335 646 519%
Total 378 541 547 606 455 505 485 538 602 562 3.86 607 347 448 464 392 466 476 462 749 100 43.8%

Figure 3.2: Gradient Boosting, Individual Taxonomy, 3 Singers Confusion Matrix

3.2 Symbolic Generation

The generative system was designed with the primary goal of operating and responding to
audio in real time on multiple robotic platforms. In past work we have generated raw-audio
for EMP [151], however even after considerable refinement, and the use of multi-GPU
systems, generation required three seconds of processing per one second of audio. With
this in mind the initial design choice was to generate symbolic data using a version of the
dataset converted to MIDI values, and not attempt to generate raw audio.

The symbolic generation of the system contains the pitch and rhythm of emotionally
labelled melodies. Due to the process described in Section 3.2 the data also includes micro-

timings. Symbolic data alone does not capture the range of emotion present in the dataset
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through timbre variations. By using the scale dataset described in Section 3.2 the genera-
tion process encapsulates symbolic information with tagged emotion, capturing timbre and
phoneme information. Figure 3.4 shows an overview of the system. The system’s interface
is written MaxMSP, allowing users to chose an emotion. This activates a python script
which generates a midi file and returns it to MaxMSP. Generated samples can be heard

online.*

Dataset to MIDI

We converted each phrase’s audio into a midi representation to use as training data. This
was done to allow symbolic training on the dataset, instead of using only the raw audio.
This process required significant iteration, as we developed a custom pipeline for process-
ing our dataset. This was necessary due to the range of vocal timbre and effect, ranging
from clear melodies, to non-pitched effects. We first ran the monophonic pitch detection
algorithm CREPE [152] on each phrase, which output a frequency and a confidence value
for a pitch being present every 0.01 seconds. As the phrases included breaths and silence,
it was necessary to filter out pitches detected with low confidence. We applied a threshold
followed by a median filter to the confidence values. We next converted the frequencies to
midi pitches. We found the most common pitch deviation for each phrase using a histogram
of deviations, shifting the midi pitches by this deviation to tune each phrase. This process
allowed us to have a primary note at all times, while maintaining the sampled vibrato at
0.01 seconds. We rated onsets timing confidence between 0 and 1. To address glissando,
vibrato and other continuous pitch changes, we identified peaks in the absolute value of the
pitch derivative, counting an onset only when detecting a pitch for at least 0.04 seconds.
In converting the dataset to MIDI a primary concern was to maintain as many features
from the dataset as possible. By sampling at 0.01s we were able to capture many pitch fea-

tures in addition to the main melody, including techniques such as vibrato and glissando’s.

4www.richardsavery.com/prosodycvae
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This resolution of sampling also allowed us to capture micro-timings, and subtle rhythmic
variation that would not be possible at a higher rate. We also sampled volume levels at

0.01s intervals allowing us to maintain variation in dynamics for each phrase.

Audio Sampler

In addition to the primary data collection of EMP we asked the vocalists to record chro-
matic scales at a range of tempos. This was done to allow us a way to playback the newly
generated phrases while capturing as much vocal prosody from the sampled notes as pos-
sible. Our goal was that by combining the pitch and rhythm features captured from our
dataset to MIDI process, with the timbre features we would capture as many prosodic fea-
tures as possible, while still being capable of real-time generation. The data collection plan
was based around common practice described by virtual instrument libraries 3. For each
emotion, 11 versions of a chromatic scale across an octave and a half were sung, 3 with
very short notes, 3 with 500ms, 3 with 1000ms and 2 with 2000ms duration. To allow
the scales to contain all timbrel features for each emotion, we allowed for any dynamic
variations and accents. The syllables themselves were also chosen for each scale by the
vocalist.

Scherer has shown that musical scales - without a melody or rhythm - are able to display
emotion [153]. We therefore asked the singer to also record scales tagged with emotion to
be used in an audio sampler. The audio sampler was designed to play back each note from
the recorded scales, in such a way that new symbolic phrases consist of combinations of
each note from the scale. In contrast to the main dataset we only recorded scales for four
emotion classes, corresponding with each quadrant of the circumplex model. In addition
to explaining the model to the vocalist, each quadrant had two key words which were

angry/anxious, happy/exciting, relaxing/serene, sad/bored.

Shttps://www.spitfireaudio.com/editorial/in-depth/grow-your-own-samples/
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3.2.1 CC-VAE

Data Representation

We maintain the same data structure as developed in our audio to midi process, using midi
pitch values that are sampled every 10 milliseconds. We then convert each melody to a
length of 1536 samples, and zero pad shorter melodies. Versions of each phrase are then
transposed up and down six semitones, to give 12 versions of each phrase, one in each key.
The melody is then reshaped to be 32 by 48 samples. The emotion label for each melody

is converted to a one-hot representation.

Network Design

We chose to use VAEs due to their recent success in sequence and music generation tasks,
and because they allow for analysis of the latent space which can provide insight into how
well the network has learned to represent the different emotions. VAEs can be used to
generate new data by sampling and decoding from the latent space, allowing the system to
learn features of the data in an unsupervised manner. Figure 3.3 shows the latent space after
training a Vanilla VAE on our custom dataset, without emotion labels. This demonstrates
the latent space is able to separate by emotion without conditioning.

Our Conditional VAE is based on the standard architecture proposed by Sohn et al.
[154]. A Conditional Variational Encoder (CVAE) varies from a VAE by allowing an extra
input to the encoder and decoder. We input a one-hot emotion label, allowing for sampling a
specific emotion from the latent space. As is common practice for a VAE, we use Kullback-
Leibler divergence in the loss function. Our latent space dimension is 512, which we arrived
at after testing multiple variations.

We chose to use a Convolutional Network (ConvNet) within our CVAE for multiple
reasons. Although ConvNets are much less common in symbolic music generation [127],

they have been used for audio generation such as WaveNet [155] as well as some sym-
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Figure 3.3: Vanilla VAE Latent Space, classifying Carter’s audio dataset.

bolic generations [156]. While we experimented with Vanilla RNNs, LSTMs and GRUs as
encoders and decoders we found they were very prone to overfitting when trained condi-

tionally, likely due to our dataset size. Our architecture is presented in Figure 3.4.
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32,48
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512) (32,48,2) 13072 (16.24,64) (324832) (162812

Audio Generation

132,48,1)
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MaxM5P ‘

Emotion Labels Scale Dataset
Audio Sampler

Figure 3.4: Generative System Overview.
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3.2.2 Sample Player

The generated midi file is loaded into MaxMSP to be played by the sampler. The audio
sampler plays back individual notes created during the recording of the scales. MaxMSP
parses the midi file, assigning each note a midi channel. Channels are divided by emotion
and note length. For example, happy is assigned to channels 1-4, with channel 1 containing
the shortest note and channel 4 the longest note; sad is assigned to channels 5-8 with the
shortest note assigned to channel 5 and the longest note assigned to channel 8. The audio

sampler plays as a midi device, and can be played directly like any midi instrument.

3.2.3 Generation Evaluation

To evaluate the results, we first generated three phrases for each emotion. We then ran a
survey using the same questions as the dataset validation described in Section 3.1, asking
39 new participants to select an emotion and intensity for each of the 60 total generated
phrases. Participants encountered five attention checks during the survey, asking them
in spoken word to chose a specific emotion, and we only used data from participants who
answered all listening tests correctly. Figure 3.5 shows a comparison between the rose plots
for each quadrant of the original dataset versus the generated phrases. Table 3.1 shows a
direct comparison between the results for generated audio and the original dataset.

Rose plots of the validation results that combine the “best” and “all” categories can be
seen in Figure 3.5, separated into each Geneva Wheel quadrant. The rose plot compares
the collected dataset with the validation of our generated phrases. The plots show strong
validation correlation in Quadrants 1, 2 and 3, while Quadrant 4 showed a higher level of
confusion.

Our results show that the generated phrases performed similarly to the dataset in terms
of emotion classification. While the percentage of phrases identified in the correct quadrant
is slightly lower for the generated phrases, the average difference and variance have similar

values. Visually, the rose plots show that participants were able to largely identify the
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Figure 3.5: Rose plots of dataset validation and generation evaluation.

correct quadrant, having the most difficulty with Quadrant 4 (relaxing/serene) for both our

collected dataset and generations.

Discussion

Our overall accuracy presented in Table 3.1 shows consistent results in the mid 50%. We
believe this accuracy is acceptable for our current system, as the average variance and
average difference are both close to two across all categories, implying that the primary
errors in identification where small, such as mistaking love for admiration. For our the
future experiments described in this dissertation we will use only specific generated EMP
that score over 80% accuracy.

In both the original dataset and generated material participants had the lowest accuracy
identifying the fourth quadrant emotions. Our results are not easily compared to other
generative systems as the fourth quadrant emotions are rarely used in robotic studies [157].
This is partly because common classification systems such as Ekman’s discrete classes do
not include anything in the fourth quadrant. We also believe these emotions tend to be less

easily displayed externally as they are low arousal and closer to neutral emotions. In future
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work we aim to consider methods to better develop the fourth quadrant emotions.

Our dataset used interpretation of emotions from one vocalist. While this had the benefit
of consistency throughout phrases, in future work we intend to gather data from a larger
number of musicians and to evaluate how well the model can generalize. We also plan to

have other robots communicating through EMP using data from different vocalists.

3.3 Conclusion

In this chapter we presented a newly created dataset for EMP. We were able to accurately
classify the dataset with machine learning. Our studies also showed that human listen-
ers were able to label the emotions with high accuracy when considered across the four
quadrants. We were then able to generate new phrases using a combination of a symbolic
generations system and an audio sampler. We found the new generated phrases performed

similarly in listening tests to the collected dataset.
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CHAPTER 4
THE EFFECT OF EMBEDDING EMP IN DIFFERENT ROBOTIC PLATFORMS

Continuing from the development of an EMP generator, the next research question aims to
analyze multiple potential use cases of EMP in individual robots. To this end we developed
four separate studies to analyze EMP across four robotic platforms. For each platform we
used the generated phrases described in the previous chapter, always choosing phrases that
had been validated with an accuracy of over %80. Comparing common metrics across each
platform led to the second research question:

RQ 2: How does EMP alter the level of likeability, perceived intelligence and trust in
social, industrial, humanoid and robotic musicians?

We compared multiple robotic platforms as we believed the impact of EMP will vary by
robot type and the type of interaction. Conducting multiple studies also allowed us to com-
pare EMP to different audio types as appropriate for the robot, such as speech or simple
non-emotion driven audio variations.For the co-bot industrial arm we conducted a study
with the robot function as a collaborator for a pattern recognition task. For this task we
recorded participant ratings for anthropomorphism, animacy, likeability, perceived intelli-
gence and trust, each of which has been shown as a significant contributor for collaborative
interaction and analyzed extensively [66, 158]. We replicated this pattern recognition task
with a humanoid robot. For the social robot we programmed Shimi to engage in an emo-
tion based exchange. We only measured trust with the social robot, allowing us to use a
longer survey method. For studying a musical robot, we used Shimon the marimba playing
robot with the metrics analyzed anthropomorphism, animacy, likeability and perceived in-
telligence. For the experiments with Shimon, we also analyzed whether using EMP alters
the perception of Shimon’s musical ability itself.

The robot gestures in each experiment were hand-designed following a set of exisiting
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Table 4.1: Summary of Chapter 4 Experiments

Ch. | Robot DOF | Metrics Interaction Comparing
Type
4 Arm (Sim- | 4 Anthropomorphism, Pattern recog- | EMP, gestures,
ulation) Intelligence, Likeabil- | nition non-prosody
ity, Trust audio
4 Humanoid | 18 Anthropomorphism, Pattern recog- | EMP, gestures,
(Simula- Intelligence, Likeabil- | nition non-prosody
tion) ity, Trust audio
4 Social 5 Trust Social Interac- | EMP, Speech
Robot tion
(Shimi)
4 Robotic 5 Creativity (Coherence, | Musical EMP, Speech
Musician Novelty, Expressivity), | improvisation
(Shimon) Animacy,  Anthropo-
morphism, Likeability,
Intelligence

guidelines for emotional gestures [159]. This allowed the gestures to be mapped directly to
and mapped around the generated EMP, and cater for the different degrees of freedom and
types of movement available to each robot platform.

A summary of the robots and metrics analyzed is shown in Table 4.

4.1 EMP for Industrial and Humanoid Robotics

Text from this section has been published as:
EMP for the Enhancement of Trust in Robotic Arm Communication, Richard Savery,
Lisa Zahray, Gil Weinberg, Trust, Acceptance and Social Cues in Human-Robot Interac-

tion, Ro-MAN 2020 [160]

Industrial co-robotic arms are showing a significant expansion in use, which is expected
to continue and grow into the foreseeable future [161]. While the use of such robotic arms
expands, they still lack a standard form of non verbal communication [31]. Many non
verbal methods to establish communication between robot arms and humans, such as hap-

tics [162] or mixed reality [163], are costly to implement from a technical and financial
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perspective requiring custom equipment and training. More recent research has shown the
importance of social and emotion communication for robots [164]. For industrial collab-
orative robots, displaying emotion has been shown to increase key metrics, such as the
likelihood of humans to follow social norms[165], supporting better engagement with dis-
ability [166] and improving the perception of the robot as an equal human collaborator
[167].

We believe EMP is uniquely positioned for industrial arms as it can enhance social
interaction and engagement with human collaborators without requiring a change in core
functionality. While robotic arms themselves do not generally approach the uncanny valley,
we believe that independent modalities (such as a human voice) can cause the same impact
on an interaction. This extends the notion of the habitability gap [1], where issues with
interaction occur when a robot’s functionality does not match its capability. In a robotic arm
this could occur when a simple task, such as repeatedly moving an object, is accompanied
by rich language based communication method. We firstly evaluate these interactions to
confirm that there is no impact through potential distraction in collaboration with a robotic
arm. We then measure how EMP compares to single-pitch audio and no audio systems for
establishing trust, trust recovery, likeability and the perception of intelligence and safety.
Finally, we analyze the same EMP on a humanoid robot to understand if and how our

generative system can be transferred across systems and generalized.

4.1.1 Experiment

We conducted two different studies, one using a robotic arm and the other using a humanoid

robot in an effort to address the following research questions.

Research Questions and Hypotheses

Our first research question focuses on understanding the role of EMP and trust in robotic

interaction.
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RQ1 How does EMP alter trust and trust recovery from mistakes, compared to control

conditions of no audio and single-pitch audio?

For this question our hypothesis is that the overall trust at the end of the interaction will
be significantly higher for EMP over single-pitch and higher for single-pitch audio over no
audio. Our second research question compares common HRI metrics such as the perceived

intelligence, perceived safety and likeability, for each robotic system.

RQ2 How does EMP alter perceived safety, perceived intelligence and likeability?

For the first two research questions, we believe that participants will develop an inter-
nal model of the robot as an interactive emotional collaborator for the EMP model. This
will lead to higher levels of trust and improved perception of safety and intelligence. The
third question explores the relation between users’ self-reported metrics, gathered through
surveys and their actual responses collected through a performance based task. We are
interested in comparing whether the system that is self-reported to be trusted is actually

utilized more in performance based tasks.

RQ3 When a user self-reports higher levels of trust in a robot, does this in turn lead to

higher utilization and trust in a robotic arm’s suggestions?

For this questions we hypothesize that users’ self-reported trust ratings will correspond
to their actual use and trust levels, as implied by choice to follow the decisions of the
robotic system. We also hypothesize that by utilizing EMP, human collaborators will be

more likely to trust the robotic arm’s suggestions directly after a mistake.

Experimental Groups and Robot Reactions

Our study was designed as a between-group experiment, where participants were randomly

allocated to one of three conditions. These conditions were a EMP group, a single-pitch
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audio group (notes), and a control with no audio (gesture). In all three versions of the
experiment, the robot responded with the emotional gestures.

In the EMP group, the gestural response was accompanied by playing an EMP phrase,
randomly selected each time from the five phrases matching the response emotion. We used
phrases for the four emotions joy, shame, sadness, and anger from our generated phrases.
These emotions were chosen to best match the outcomes in 4.3 using response specified
in [82]. Five phrases for each emotion were chosen to control for potential latent features
fromo repeating the one melody, and to add variety to the robot’s response in an effort to
prevent tiring the user with the same sounds. We selected 5 of the 15 potential phrases for
each trial by limiting length to be between 4 and 10 seconds. This restricted the variance
to be less than 2, requiring the weighted mean emotion rating to fall within the correct
quadrant of the wheel. The selected phrases were the ones with the smallest difference
between the actual emotion and mean rated emotion.

In the notes group, the gestural response was accompanied by playing one musical
note. Each emotion was randomly assigned one pitch from the midi pitches 62, 65, 69,
and 72. The notes were chosen as they are in both the male and female vocal range and a
similar pitch range to the EMP. We chose not to alternate timbre (the audio features outside
pitch) for this group, as the EMP group already contained significant timbre variety. This
assignment remained consistent throughout the experiment to maintain a relation between
the sounds and the outcome. For each pitch, five different audio files were available to be
selected, each with a different instrument timbre and length (varying from 2-5 seconds), to
provide variety similar to that of the five different EMP phrases available for each emotion.
Finally, in the gesture group, the gesture was performed in silence.

We created a gesture for each of the emotions joy, shame, sadness, and anger. The
gestures were designed according to the table of emotion-specific nonverbal behaviors pro-
vided in [82] as well as our own post-hoc overview of discriminative body movements and

poses. This approach has been used before in designing emotional robot gestures [159].
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Sadness Anger

Figure 4.1: Arm example poses passed through during emotional gestures

For the humanoid embodiment, we were able to incorporate more specific body language
such as forming hands into fists and simulating crying.

For the Joy gesture the arm is lifted up high, making three quick upwards movements
alternating which side it faces. The humanoid lifts both of its arms up and waves them
back and forth, repeats this motion with its arms higher, and finally jumps into the air.
For Shame the arm slowly bends down and away from the camera to one side, while the
humanoid looks to one side and moves its hand to cover its face. For Sadness , the arm
slowly bends down while still centered with respect to the camera, while the humanoid
falls to its knees and covers its face with both hands. The Anger gesture has the arm first
lean downwards and make two fast lateral movements, and then lean upwards to make two
more fast lateral movements. The humanoid raises its fists into the air and push its torso
forward. Examples of poses encountered during each gesture are shown in Figure 4.1 and

4.2.

Interaction Design

Our experiment required participants to perform a pattern learning and prediction task col-

laboratively with a robot. This is followed by two commonly used surveys; Schaefer’s
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Sadness Anger

Figure 4.2: Humanoid example poses passed through during emotional gestures

survey for robotic trust [168], and the Godspeed measurement for Anthropomorphism, An-
imacy, Likeability, Perceived Intelligence, and the Perceived Safety of Robots[63].

The study process followed 5 steps for each participant:

1. Consent form and introduction to online form

2. Description of the pattern recognition task

3. 20 Trial Pattern Recognition Tasks

4. 80 Pattern Recognition Tasks, recorded for data

5. Godspeed and Schaefer Trust Survey (order randomized per participant)
6. General comments and demographic information

The pattern learning method was originally created by Dongen et al. to understand
the reliance on decisions and develop a framework for testing different agents[169]. Since
then it has been re-purposed many times, including for comparing the dichotomy of human-

human and human-automation trust [170], as well as the use of audio by cognitive agents[171].
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Figure 4.3: Robot Arm Emotional Response

After collecting the consent form, participants went through a description of the task, fol-
lowed by 20 trial questions to teach them the process. This was followed by the recorded
and analyzed 80 questions. We finally allowed participants to add any general comments
about the study or robot.

We modified the original pattern recognition task, asking participants to correctly pre-
dict the next number in a sequence advised by an animated model of a robot on a computer
screen. Participants were told beforehand that humans and the pattern recognition software
tend to be about 70% accurate on average, which has been shown to cause humans to al-
ternate between relying on themselves and a decision agent. No further information was
provided to the participants about the sequence’s structure. The sequence was made up of
a repeated sub-sequence that was 5 numbers long, containing only 1, 2, or 3 (such as 3,
1, 1, 2, 3). To prevent participants from quickly identify the pattern, 10% of the numbers
in the sequence were randomly altered. Participants first completed a training exercise to
learn the interface, in which a sub-sequence was repeated 4 times (20 total numbers). Then
participants were informed that a new sequence had been generated for the final task. This
was generated in the same way, using a new sub-sequence with 16 repetitions (80 total
numbers). Before the user chose which number they believed came next in the sequence,
the robot would suggest an answer, with the robot being correct 70% of the time. This
process mirrors the process from the original paper [169].

Participants interacted with a virtual 3-D model of the robot in an application designed
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in Unity !. This allowed us to have interactions and responses vary based on user choices,
while leveraging the quantity of participants available for an online study. Each time a
participant was asked to answer a question, the robot acted as a decision agent, pointing to
an answer that may be correct or incorrect. The user would then type their answer using
their computer keyboard.

The previous timestep’s correct answer was displayed for participants at decision time
to help them better keep track of the pattern during the animated robotic movements. We
required participants to submit their answer after the robot finished pointing to its predic-
tion, which took between 2.5 and 4.5 seconds. This also forced participants to spend time
considering their decision given the robot’s recommendation. The robot would respond to
the user’s choice depending on the outcome and the condition of the experiment, as shown
in Figure 4.3.

An example image of the robotic arm interface is shown in Figure 4.4.

gl =

A

Previous correct number: 1
Type answer (1, 2, or 3):

Figure 4.4: Example image from the robot interaction application

Participants

For each of the studies, we recruited 46 participants through the online survey platform

Prolific? for a total of 92 participants. The participants ages ranged from 19 to 49, while

Thttps://unity.com
Zhttps://www.prolific.co/

41



801

o
=]

N
S
<o

Trust Percentage
-

204 Robot ¢+
. Arm
B Humanoid ‘

Gesture Notes Prosody
Audio

Figure 4.5: Box plot of Trust metrics. White dot indicates mean, middle line is median,
and black dots are outliers.

the mean age was 25, with a standard deviation of 7. Participants were randomly sorted
into one of the categories - EMP (15 participants), single-pitch audio (16 participants), and
no audio (15 participants). Each experiment took approximately 30 minutes to complete.

Participants were paid $4.75USD.

4.1.2 Results

To answer our research questions we used metrics from the trust survey, Godspeed mea-
sure, and the amount of times participants accepted the robot’s suggestion. Research ques-
tion 1 analyzes the results from the trust survey, while research question 2 focuses on the
Godspeed metrics. Research question 3 compares the results from the trust survey with

participant choices throughout the experiment.

RQ1: Trust Recovery for Industrial Arm

We first calculated Cronbach’s alpha for each metric in the trust survey, which gave a high
reliability of 0.92. We then calculated the overall trust score by inverting the negatively
phrased questions and then generating the mean for each individual participant, resulting
in a final trust percenttage. The mean trust of each group was EMP 71%, notes 57% and
gesture 62% (see Figure 4.5). After running a one-way ANOVA the p-value was significant,

p=0.041. Pair-wise t-tests between groups’ trust rating gave the results: notes-gestures p=
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Figure 4.6: Robot Arm Box plots showing percentage of answers agreeing with the robot
overall and after the robot made a mistake (means indicated by white squares)
0.46, notes-EMP p=0.025, and gesture-EMP p=0.025. This supports our hypothesis that
trust would be higher from the arm using EMP.

We also evaluated trust based on participants’ actual use of the system. The percentage
of answers for which users agreed with the robot for each group are plotted in Figure 4.6.
We performed a one-way ANOVA test to test whether there was a significant difference in
this metric between groups, p=0.68, which was not significant.

To compare trust recovery after mistakes between groups, we analyzed the percentage
of times each user agreed with the robot immediately after an instance of following the
robot’s incorrect suggestion. The results are plotted in Figure 4.6. The one-way ANOVA

test yielded p=0.87, which was not significant.

RQ1: Trust Recovery for Humanoid

Cronbach’s alpha for the humanoid trust survey was 0.89, showing a high internal consis-
tency. We followed the same procedure to calculate the trust scores, with the means 0.63
for notes, 0.64 for gesture and 0.66 for EMP (see Figure 4.5). Running a one-way ANOVA
and pair-wise t-tests showed no significance (p > 0.05).

Figure 4.7 shows the results for percent agreement with the robot, and percent agree-

ment with the robot after it made a mistake. A one-way ANOVA between groups for
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Figure 4.7: Humanoid box plots showing percentage of answers agreeing with the robot
overall and after the robot made a mistake (means indicated by white squares)

percentage of answers in which users agreed with the robot yielded p=0.0039, which was
significant. A 2-tailed t-test between each pair of groups had significant results for gestures
versus EMP at p=0.0021 and gestures versus notes at p=0.018. The one-way ANOVA for
percent agreement after the robot’s mistake was not significant, with p=0.13. We note that
we did not remove outliers for these statistical tests due to the number of participants in

each group.

RQ2: Anthropomorphism, Safety, Intelligence and Likeability

Research question 2 identified how EMP, notes or gesture alone varied each Godspeed
metric for the arm and humanoid robot. Cronbach’s alpha for the robotic arm result in
Anthropomorphism (0.85), Intelligence (0.89) and Likeability (0.92), and all showed high
reliability values above 0.85. Safety’s coefficient was slightly lower at 0.75. For the hu-
manoid calculating Cronbach’s Alpha for anthropomorphism, intelligence and likeability
gave 0.80, 0.90 and 0.88 respectively, demonstrating high reliability. Safety’s Cronbach
alpha however resulted in 0.50 indicating the survey did not present internal validity. Due
to the low internal reliability we chose not to analyze the safety results. This is discussed

further in Section 4.1.3.
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Figure 4.9: Box plot of Perceived Intelligence, comparing humanoid and arm across audio
types. White dot indicates mean, middle line is median, and black dots are outliers.

RQ?2: Safety, Intelligence and Likeability for Industrial Arm

We first performed a one way ANOVA for each category, which showed no significant
results. Performing paired t-tests with Holm—Bonferroni corrections showed significance
for anthropomorphism between EMP and gesture (p = 0.048) and EMP and notes (p =
0.003). Likeability was also significant between notes and EMP (p=0.048). Figures 4.8,4.9
and 4.10 show box plots for anthropomorphism, intelligence and likeability. This did not
support our hypothesis as we were unable to show difference between audio types for safety

or likeability across all categories.
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RQ2: Safety, Intelligence and Likeability for Humanoid

Across each audio category the humanoid achieved very similar results between the audio
and gesture variables, with no significant difference. For example, likeability received
ratings of 3.5, 3.52 and 3.61 for notes, gesture and EMP. These results indicated that the
audio used made no difference to the perception of the robot. Figures 4.8,4.9 and 4.10 show

the results for each metric.

RQ3: Trust Survey and Participant Choices

Research question 3 explored the relationship between the trust survey and participants
actual choices throughout the experiment. We calculated the Pearson correlation coefficient
between the final trust scores for the robotic arm, and the percentage of answers users
agreed with the robot. The result was r=0.12, which indicates a weak correlation between

the two metrics.

Arm - Qualitative User Comments

The free input textual comments provided by participants indicate that it was possible, in
all groups, to perceive the emotions the robot was trying to convey. In the EMP group,
one user said, ‘The arm seems quite emotional! When it’s right it is quite happy, but

when it is wrong it gets particularly sad.” In the notes group, a user said ‘When we got
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the right answer the robot seemed cheerful, as opposed to when we selected the wrong
answer (based on the robot’s recommendation) it seemed as if he was sorry for giving
wrong suggestions. If I chose an option different than the robot’s suggestion and its answer
was correct, it seemed as if he gave the look of I told you the right answer!” And in
the gesture group, one comment was ‘the emotions were very easily perceivable.” Two
participants in the notes group had negative comments on the audio response, describing it
as ‘horrible’ and ‘annoying’, while one participant in the EMP group said the ‘humming
was annoying.” Several participants mentioned that the robot moved too slowly. Some
comments mentioned having a hard time detecting any pattern in the sequence, while in

others users discussed their strategies.

Humanoid - Qualitative User Comments

In the EMP group, one user said, ‘It was clearly a robot(the cartoon), but the audio queues
made it seem more humanlike,” with another user describing the robot as ‘friendly.” How-
ever, another user in this group described the robot as ‘irritating,’” and another explained
that it was pleasant at first but became annoying over time. In the notes group, two users
used the phrase ‘over the top” when describing the robot’s reactions. Two other users men-
tioned that the robot seemed excited or like it was having a good time. One user said ‘I
feel like the sound effects aren’t really necessary.” In the gestures group, one user said ‘the
robot seemed really happy when 1 got things right, but when 1 kept failing consistently 1 felt
i was embarrassing it/letting it down, which added more pressure to me to getit [sic] right.’
Two other users described a similar interpretation of the reactions. Two different users in
this group mentioned that the robot seemed rigid or mechanic. Users’ discussions of their
strategies varied from trusting the robot most of the time, to trusting their own instincts

more than the robot.

47



4.1.3 Discussion

Platform Specific Audio Design

Our goal for embedding EMP in robots was to develop and evaluate a non-language based
form of audio communication, which could help avoid the uncanny valley. While we were
successful in improving trust through embedding EMP in robotic arms, in humanoid robots
we found no significant improvement in any category. This could be generally interpreted
as meaning that audio does not alter humanoid perception as much as a lower degree of
freedom, non anthropomorphic, robotic arms. It can also be claimed that our particular
audio synthesis implementation did not lead to the desired results in humanoid robots, but
that other future implementations might. The category humanoid robot is also very broad,
with potential that the humanoid model we used was not able to be modified with audio,
or that a feature such as the eyes dominated users perception. In any case, these results
reiterated that audio must be carefully considered for every platform, without only reusing

existing speech systems.

Godspeed

Comparing the Godspeed metrics, it was unsurprising to find that the addition of human
vocalizations increased the Anthropomorphism of the arm. We had expected likeability to
become higher, and while it was not a significant result, it would still be worth investigating
further with more subjects. The most surprising result was that the pitch audio fell well
below the median of gestures-only in every category. This may indicate that while EMP
can lead positive outcomes, audio when implemented ineffectively has the capability to
drastically reduce HRI metrics. The reason for this is likely due to the fact that the notes’
sound was not related to the emotion being displayed by the gesture beyond remaining

consistent throughout the experiment.
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Measuring Trust

Users’ ratings of trust in the survey did not strongly correlate with their actual behavior
during the task in terms of how often they agreed with the robot’s suggestions. This is
consistent with the fact that while users reported significantly higher trust for audio with
EMP, no significant differences were found in their actual choices during the interactions.
A similar conflict between these types of metrics was found in the original decision frame-
work paper [169], where higher reported trust in the arm did not always result in higher
percent agreement with the arm.

We believe the primary reason for the contrasting rating for trust and how often partici-
pants agreed with the robot, is due to the multifaceted nature of trust itself. We contend that
EMP is most impactful for changing ratings for affective trust, a type of trust that devel-
ops through emotion and social relationships. This contrasts with cognitive trust, which is
based on a users actual willingness to trust or rely on a collaborator to perform a task [172].
In robotics, trust has similarly been broken into performance trust and moral trust [173].
Performance trust occurs where a human collaborator believes the systems is capable of
performing the required action. The counter, moral trust, is a rating of the collaborators
belief the robot desires to perform the morally correct task. While we make no claim that
either measure we utilized to gauge trust directly correlates to a type of trust, we believe

the trust survey is more likely to lead towards high ratings for affective or moral trust.

Measuring Perceived Safety

While the Godspeed survey has been extensively used in HRI with 1306 citations by De-
cember 2020, we believe an online study with animations may not have effectively used
a perceived safety metrics. We found participants often described themselves as calm on
the Godspeed scale, but also surprised, likely due to the online setting where surprising

gestures did not change a participants self-perception as calm.
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Limitations

This study was performed using virtual interactions with a robot, and 46 participants. It
would be useful to investigate this further with a larger sample size, and to have partici-
pants interact with a physical robot for comparison. Additionally, more variations of robot
responses could be compared and analyzed beyond the three that we investigated. For

example, EMP of a human voice could be compared with that of musical instruments.

4.1.4 Conclusion

Our results support that when the robot arm model responded with EMP users reported
higher trust metrics than when the robot responded with single-pitched notes or no audio.
This supports our hypothesis that EMP has a positive effect on humans’ trust of a robotic
arm. We did not find significant results for likeability, anthropomorphism or perceived
intelligence through EMP, although the arm with EMP did achieve higher means across
both categories. In studies with a humanoid robot we found no significant changes in
metrics, with audio seemingly have no impact on ratings. This indicates that audio design
is a crucial step for human-robot interaction and can not simply be transferred between

platforms without consideration of the broader impact.

4.2 EMP for Social Robotics

Text from this section has been published as:

Establishing Human-Robot Trust through Music-Driven Robotic Emotion Prosody and
Gesture Richard Savery, Ryan Rose, Gil Weinberg, 28th IEEE International Conference on
Robot and Human Interactive Communication (RO-MAN), Dehli, India, 2019 [174]

Finding Shimi’s Voice: Fostering Human-Robot Communication With Music And a
NVIDIA Jetson TX2 , Richard Savery, Ryan Rose, Gil Weinberg, 17th Linux Audio Con-
ference (LAC-19), CCRMA, Stanford University, USA, 2019 [151]
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Our next study analyzing EMP in an embedded platform uses the social robot Shimi.
Shimi moves with five degrees of freedom, and can play audio out of two speakers on either

side of its head. Figure 4.11 shows an image of Shimi.

Figure 4.11: The social robot Shimi

4.2.1 System Overview

Shimi is an desktop musical robot companion, originally designed to act as an interactive
music player. Prior work on Shimi focused on utilizing the sensors and computational
power of a smartphone to explore the possibilities of personal robotics in a cost-effective
way [175]. Other work on Shimi explored expressing emotion through gesture, informed
by observations of human movement and emotion from Darwin [176, 177]. For the study
conducted as part of this thesis we redesigned the internal components of Shimi by replac-
ing the phone with a powerful microprocessor that can support embedded deep learning.

For many generative tasks, state-of-the-art performance depends on computationally
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heavy deep learning techniques. Embedded computing devices have only recently been de-
veloped with the GPUs necessary to perform complex deep learning inference in real-time.
One such device is the NVIDIA Jetson TX2, an embedded system-on-module that runs
Linux on a quad-core ARM processor, and features an 8GB GPU built on NVIDIA’s Pas-
cal architecture. This powerful and energy-efficient device greatly expands the capabilities
of robots and other embedded applications alike through its ability to run both high CPU
and GPU tasks, such as artificial neural networks, deep learning, and signal processing.

In this project, we embrace the non-human robotic identity of Shimi to explore methods
of communication using Shimi’s limited range of motion and music, in place of verbal
language. This is realized through a voice generation system that utilizes deep learning
to respond to human speech in an emotionally relevant manner, and a gesture generation
system that uses both quantified emotion and Shimi’s musical voice to craft robotic body
language using Shimi’s five degrees of freedom. This is combined with input analysis from

a human respondent (see Figure 4.12.

Input Analysis

We programmed Shimi to analyze incoming audio streams using a combination of natural
language processing (NLP) and raw audio analysis. Shimi features a Seeed Studio ReS-
peaker Mic Array v2.0 3, a four-microphone array with on-board processing that combines
each microphone

stream and denoises the recording, emphasizing voice signals. No additional processing of
input signals was added after the ReSpeaker processing, other than down-mixing to a single
channel. Using the open-source hotword detection library Snowboy?, Shimi responds to
the phrase "Hey Shimi,” and begins recording input audio. The Python phrase detection

library speech_recognition? is then used to capture one phrase of raw audio.

3http://wiki.seeedstudio.com/ReSpeaker_Mic_Array_v2.0/
“https://snowboy.kitt.ai/
Shttps://github.com/Uberi/speech_recognition

52



AUDIO IN

h 4
OnWake ¢ Hotword Detection
Gesture Alert

GESTURE
our ¢
44— OnPhrase Gesture §———  Phrase Detection

Return to Neutral

L’ Google Speech to Text
Praat Audio Analysis

NLP

L

Categorise Statement
Question, Statement
Greeting

[ ) Shimi’s Emotion }

Changes based on
phrase analysis

Onsets, Velocity,
Syllables Arousal

Move Generation

d
T

Prosody
Generation

Each degree of
freedom is mapped to )
various music
features, and - { h 4 *
conditioned in speed/ D[thw Other Modes
range of motion by -Greetings -Singing
valence and arousal. -Valence/Arousal -CopyCat
-Keywords
O J
L4 L'
GESTURE QUT AUDIO OUT

Figure 4.12: Shimi System Overview

Incoming audio is analyzed using the valence arousal model, whereby valence is the
measure of the positivity or negativity of an emotion, and arousal is the measure of the
energy of an emotion[178]. Raw audio analysis is used to find the arousal level, pitch,
intensity and onsets. To do this we utilized Parselmouth®, a Python library built on
Praat’. We created custom metrics to analyze the input level based on analysis of the Ry-
erson Audio-Visual Database of Emotional Speech and Song (RAVDESS) data set [179].
RAVDESS includes 7356 audio files by 24 actors, each rated with an emotion indepen-
dently validated by 10 participants. Our metrics were based on pitch contours and intensity
levels found in the recordings. Figure 2 and 3 show analysis of the phrase the dogs are

sitting by the door from the data set. Our metrics to measure arousal use the variety, level

®https://github.com/YannickJadoul/Parselmouth
"http://www.fon.hum.uva.nl/praat/
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and standard deviation in intensity and the range, contour and standard deviation of pitch.
To measure valence we use the Natural Language Toolkit (NLTK) [180], a suite of

Python modules for NLP. We calculate valence using a built in naive bayes classifier trained

on the NLTK data set of tagged phrases from social media. We also use the NLTK library

for statement classification.

Shimi’s Emotional Responses

Shimi maintains its own emotional state through each communication, tracked through a
position in valence and arousal. Valence and arousal are both measured between -1 and
1. The current model gradually shifts the valence level towards that of the user while
mirroring the arousal of the user. A negative valence statement from the user will cause
Shimi to respond in a sad tone. Following positive statements from the user will gradually
move Shimi towards positive responses. When starting Shimi begins with a valence of 0.5,

equating to slightly happy.

Gestures

In human communication gestures are tightly coupled with speech [181]. Thus, Shimi’s
body language is implemented in the same way, derived from EMP and leveraging the
musical encoding of emotion to express that emotion physically. The addition of gesture
to EMP is crucial to add to the sense of embodiment, enhancing the sense that the audio
is coupled to the robot itself. Music and movement are correlated, with research finding
commonalities in features between both modes [182]. Additionally, humans demonstrate
patterns in movement that is induced from music [183]. Particular music-induced move-
ment features are also correlated to perceived emotion in music [184]. After a musical
phrase is generated for Shimi’s voice to sing, the MIDI representation of that phrase is
provided as input to a gesture generation system. Musical features such as tempo, range,

note contour, key, and rhythmic density are obtained from the MIDI through Python li-
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braries pretty_midi [185] and music218. These features are used to create map-
pings between Shimi’s voice and movement: for example, pitch contour is used to govern
Shimi’s torso forward and backward movement. Other mappings include beat synchro-
nization across multiple subdivisions of the beat in Shimi’s foot, and note onset-based
movements in Shimi’s up-and-down neck movement.

After mapping musical features to low-level movements, Shimi’s emotional state is
used to condition the actuation of the movements. Continuous values for valence and
arousal are used to influence the range, speed, and amount of motion Shimi exhibits. Some
conditioning examples include limiting or expanding the range of motion according to the
arousal value, and governing how smooth motor direction changes are through Shimi’s
current valence level. In some cases, the gestures generated for one degree of freedom
are dependent on another degree of freedom. For example, when Shimi’s torso leans for-
ward, Shimi’s attached head will be affected as well. As such, to control where Shimi
is looking, any neck gestures need to know the position of the torso. To accommodate
these inter-dependencies, when the gesture system is given input, each degree of freedom’s
movements are generated sequentially and in full, before being actuated together in time

with Shimi’s voice.

4.2.2 Experiment

We address two research questions, firstly, can we use EMP combined with gestures to
accurately convey emotions? This was required to establish that our EMP generation sys-
tem retains its ability to portray emotion when embodied in a social platform. We evaluate
the effectiveness of the musical audio and generative gesture system for Shimi to convey
emotion, specified by valence-arousal quadrants. Our second research question is whether
emotional conveyance through EMP and gestures driven by music analysis can increase the

level of trust in human-robot-interaction. For this we conduct a user study to evaluate EMP

8https://github.com/cuthbertLab/music2 1
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and gestures created by our new model in comparison to a baseline text-to-speech system.

We designed an experiment to identify how well participants could recognize the emo-
tions shown by our EMP and gestural emotion generator. This part of the experiment aimed
to answer our first research question, can EMP combined with gestures accurately portray
emotion. After watching a collection of stimuli, participants completed a survey measuring
the trust rating from each participant. This part of the experiment was designed to answer
the second question, can emotion driven, non-semantic audio generate trust in a robot.

We hypothesized that through EMP accompanied with low-DoF robotic gesture humans
will be able to correctly classify Shimi’s portrayed emotion as either happy, calm, sad,
or angry, with an accuracy consistent with that of text-to-speech embodied in a robotic
platform. Our second hypothesis was that we will see higher levels of trust from the Shimi

using non-speech.

Stimuli

Table 4.2: Experiment Stimuli

Name Audio Stochastic Experimental
Audio Only X
Stochastic Gesture, audio X X
Stochastic Gesture, no audio X
Experimental Gesture, audio X X
Experimental Gesture, X X
no audio

The experiment was designed as a between-subjects study, where one group would hear
the audio with the Shimi voice, while the other would hear pre-rendered text-to-speech.
Both groups saw the same gesture and answered the same prompts. The text-to-speech
examples were synchronized in length and emotion to Shimi’s voice. The stimuli for the
Speech Audio experiment used CereProc’s Meghan voice’. CereProc is a state of the art

text to speech engine. The text spoken by Meghan was chosen from the Emolnt Dataset

“https://www.cereproc.com/
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Figure 4.13: Confusion Matrix

[186], which is a collection of manually tagged tweets.

Emotion

The generated gestures were either deterministic gestures created using the previously de-
scribed system, or deterministic stochastic gestures. Stochastic gestures were implemented
by considering each DoF separately, restricting their ranges to those implemented in the
generative system, and specifying random individual movement durations up to half of
the length of the full gesture. The random number generator used in these gestures were
seeded with an identifier unique to the stimuli such that they were deterministic between

participants. Gesture stimuli were presented both with and without audio.
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Procedure

Participants were gathered from the undergraduate student population at the Georgia Insti-
tute of Technology (N=24). Subjects participated independently, with the group alternating
for each participant, culminating with 12 in each group. The session began with an intro-
duction to the task of identifying the emotion displayed by Shimi. Participants responded
through a web interface that controlled Shimi through the experiment and then allowed
the user to select the emotion they thought Shimi was expressing. Stimuli were randomly
ordered for each participant. Table 4.2 shows the order of stimuli used, each category
contained 8 stimuli, 2 for each valence arousal quadrant. After identifying all stimuli par-
ticipants were directed to a Qualtrics survey to gather their trust rating.

To measure trust, we used the Trust Perception Scale-HRI [55]. This scale uses 40
questions, each one using a rating scale between 0-100%, to give an average trust rating
per participant. The questions take between 5-10 minutes to complete and include questions
such as how often the robot will be reliable or pleasant. After completing the trust rating,
participants had several open text boxes to discuss any observations in regards to emotion
recognition, trust or the general experiment. This was the first time trust was mentioned in

the experiment.

4.2.3 Results

Gestures and Emotion

After data was collected, two participant’s emotion prediction data was found to be cor-
rupted due to a problem with the testing interface, reducing the number of participants in
this portion of the study to 22. First, we considered classification statistics for the isolated
predictions of Shimi’s voice and text-to-speech (TTS) voice. While TTS outperformed
Shimi’s voice (F1 score TT'S = 0.87 vs. Shimi = 0.63), the confusion matrices show

errant predictions in similar scenarios (see figure 4.13). For example, both audio classes
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struggle to disambiguate happy and calm emotions.

We hypothesize that adding gestures to accompany the audio would help to disam-
biguate emotions. To test that our gestures properly encoded emotion, we compared predic-
tions for Shimi’s voice accompanied by generated gestures with predictions accompanied
by stochastic gestures, the results of which can also be seen in figure 4.13.

While the confusion matrices show a clear prediction improvement in using generated
gestures over stochastic, the results are not statistically significant. A two-sided T-test
provides a p-value of 0.089, which does not reject the null hypothesis at &« = 0.05. Disam-
biguities from the audio-only cases were not mitigated, but the confused emotions changed
slightly, following other gesture and emotion studies [187].

Some experimental error may have accrued through the mixing of stimuli when pre-
sented to participants. Each stimuli was expected to be independent but some verbal user
feedback expressed otherwise, such as: “the gestures with no audio seemed to be frequently
followed by the same gesture with audio, and it was much easier to determine emotion with
the presence of audio.” The presentation of stimuli may have led participants to choose an

emotion based on how we ordered stimuli, rather than their perceived emotion of Shimi.
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Trust

As per the trust scale, a mean percentage for trust was calculated on combined answers to
40 questions from each participant. A t-test was then run on each group mean. The aver-
age score variation between speech and Shimi audio showed a significant result (p=0.047),
proving the hypothesis. Figure 4.15 shows the variation in average scores from all partici-
pants. The difference of mean between groups was 8%. Results from the text entries were
positive for the EMP, and generally neutral or often blank for speech. A representative
comment from the participants for the Shimi voice was “Seemed like a trustworthy friend

that I would be fine confiding in.”

Discussion

We were able to clearly demonstrate participant recognition of the expected emotion from
Shimi, confirming our first hypothesis. Our model however did not perform completely as

predicted, as audio without gesture lead to the clearest display of emotion. With a small
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Figure 4.16: Not Significant Trust Results

sample size and a p-value close to being significant, we were encouraged by qualitative
feedback that provided insight into the shortcomings of the gestures and gave us ideas for
future improvements. For instance, emotions on the same side of the arousal axis were
often hard to disambiguate. One participant noted that “it was generally difficult to distin-
guish happy and angry if there were no sounds (similar situation between sad and calm)”,
while another noted “I had some trouble discerning calm from sad here and there”, and
“without speaking, it was difficult to decipher between anger and excitement”. The gen-
eral intensity of the emotion was apparent, however.” Certain movement features led to
emotional connections for the participants, as demonstrated here: “generally, when Shimi
put it’s head down, I was inclined to say it looked sad. When it moved more violently,
particularly by tapping [sic] it’s foot, I was inclined to say it was angry or happy”, “more
forceful movements tended to suggest anger”, and “When there was more severe motion, |
associated that with anger. When the motion was slower I associated it with sad or calm.
If the head was down more I associated it with sad. And I associated it with happy more
when there was sound and more motion.”

The trust perception scale is designed to give an overall rating, and independent ques-

tions should not necessarily be used to draw conclusions. However, there were several
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interesting results indicating further areas of research. Fig 4.14 shows all categories with a
difference in median of over 10 %. Shimi’s voice was crafted to be friendly and inviting and
as expected received much higher results for pleasantness and friendliness. Unexpectedly,
it also showed much higher ratings for its perception as being conscious. While further
research is required to explore why this would occur, we believe that the question on con-
sciousness of Shimi demonstrating a significant result shows that embodying a robot with
a EMP (as opposed to human speech) creates a more believable agent. Figure 4.16 shows
the categories with very similar distributions of scores. These include Lifelike, A Good
Teammate, Have Errors, Require Maintenance and Openly Communicate. While further
research is needed, this may imply that these features are not primarily associated with au-
dio. Further work should be done to explore if the same impact can be found by adjusting
audio features of a humanoid robot may also lead to interesting results.

In other future work we plan to develop experiments with a broader custom musical
data-set across multiple robots. We intend to study emotional contagion and trust between
larger groups of robots across distributed networks [188], aiming to understand collabora-
tion and trust at a higher level between multiple robots.

Overall, our trust results were significant and showed that EMP and gesture can be
used to generate higher levels of trust in human-robot interaction. Our belief that creating
a believable agent that avoided uncanny valley was shown to be correct and was validated
through participant comments, including the open text response: “Shimi seems very per-

sonable and expressive, which helps with trust”.

4.3 EMP for Musical Robots Between Performance

Text from this section has been published as:
Before, Between, and After: Enriching Robot Communication Surrounding Collabora-
tive Creative Activities, Richard Savery, Lisa Zahray, Gil Weinberg, Frontiers in Robotics

and Al: Creativity and Robotics, 2021 [144]
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In the previous sections we showed that EMP can have a positive effect on trust for
robotic arms and social robotics. The rating for trust was based however on the overall
perception of the robot, with no separation between features or exploration of how EMP
alters individual tasks. In this section, we focus on how EMP can alter the perception of
the actual task itself, such as the creative act of improvising music. In this way, we aim to
identify if improved metrics such as trust, can correspond to improved ratings of the core
functionality of a robot.

There is a growing body of work focusing on robots collaborating with humans on
creative tasks such as art, language, and music [189, 190, 191]. The development of
robotic functionalities leading to and following after collaborative creative tasks has re-
ceived considerably less attention. These functionalities can address, for example, how a
robot communicates and interacts with collaborators between musical improvisations, or
before a piece begins or ends. Embodying a creative robot with speech capabilities that
do not specifically address its creative capabilities risks distancing collaborators and mis-
representing artistic opportunities. In robotic literature this is referred to as the habitability
gap, which addresses the problematic distance between a robot’s implied capabilities and
its actual potential output [1]. We propose that EMP could be particularly effective in
human-robot collaboration in creative tasks, where emotional expression is at the core of
the activity, and where subtle background conveyance of mood can enhance, rather than
distract, from the creative activity.

We implement this system in a marimba playing robot, Shimon, and analyze the impact
on users during creativity-based musical interactions. The musical tasks feature call and
response musical improvisation over a pre-recorded playback. We compare the perception
of common metrics of likeability and perceived intelligence, with the perceived creativity
and preferences for interaction as well as Boden’s creativity metrics [192]. We demonstrate
that by using a creative communication method in addition to the core creative algorithms

of a robotic system we are able to improve the interaction based on these metrics. Our
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implementation leads to the perception of higher levels of creativity in the robot, increased

likeability, and improved perceived intelligence.

4.3.1 Experiment

For this experiment we embedded the EMP generation in our custom robotic platform
Shimon. Shimon is a four-armed marimba playing robot that has been used for a wide
range of musical tasks from improvisation [193] to film scores [194]. To visually show
Shimon voicing the EMP we implemented a previous implementation of Shimon’s gestures
used for human language for hip hop [195].

For the experiment, we considered creativity using Boden’s framework for computa-
tional creativity [192]. Boden considers creativity as a balance between novelty and co-
herence, with expressivity playing a significant role in the process. This concept draws
on the notion that a new random idea could be considered novel but not creative, since it
would lack coherence. Boden’s framework was used to evaluate computational creativity
in a number of previous works [196, 195].

We choose to compare EMP to a text-to-speech system for Shimon to further explore if
EMP can lead to improved likeability and perceived intelligence. Speech is very commonly
used in robotic collaborators [197, 198] and is likely the primary form of audio interaction.
Speech is often described as a way for replicating human to human communication [12]
and we believe would commonly be considered the default audio type for a robot such
as Shimon. This contrasts with the robotic arm where speech is not commonly used, and
instead gesture or simple audio warnings are more common.

Our experiment was designed to answer two research questions:

1 Can EMP improve the perception of a robot’s creative output, as measured through

novelty, coherence and expressivity when compared to a text-to-speech system?

2 Can EMP alter the perception of animacy, anthropomorphism, likeability and intelli-

gence for a creative robot compared to a text-to-speech system?
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To address these research questions we developed two exploratory hypothesis, extend-
ing the work of [1], where voices matching the mode of interaction will improve the in-
teraction. For research question 1 we hypothesize that when communicating using EMP,
Shimon will achieve higher ratings for novelty, and expressivity with a significant result,
while coherence will not have significant difference. We hypothesize this will occur since
EMP will increase the image of Shimon as creative agent, but not alter coherence. This
aligns with our design goals of addressing the habitability gap and aiming for a robot that
interacts in a manner that matches its performance. For research question 2 we hypothesize
that there will be no difference in perception of animacy, and anthropomorphism, how-
ever EMP will achieve a significant result for higher likeability. We believe that the extra

functionality implied by a text-to-speech system will enhance the perceived intelligence.

Experimental Design

We conducted the experiment as a between-group study, with one group watching robotic
interactions with a text-to-speech system and the other with our generative EMP system.
The study was set up as an online experiment with participants watching videos of a musi-
cian interacting with Shimon. For the text-to-speech we used Google API with a US female
voice (en-US-Wavenet-E) [155]. We chose the voice model as it is easily implemented in
real time and a widely used system.

The musical interactions involved six clips of a human improvising four measures, fol-
lowed by Shimon responding with a four-measure-long improvisation. The improvisation
was played over a groove at 83 beats per minute, resulting in the improvisation lasting for
about 23 seconds. Each improvisation was followed by a seven-second gesture and re-
sponse from Shimon, either using text-to-speech or EMP. Both the speech and EMP used
three high valence-low arousal and three low valence-low arousal phrases. The EMP and
text-to-speech was overdubbed after recording allowing us to use identical musical impro-

visations from the human and robot. For text-to-speech we used phrases that were designed

65



by the author based on past interactions in rehearsal between human participants.

The high valence-low arousal text included the three phrases:

e Great work. What you played really inspired me to play differently. Could you hear

how we were able to build off each others music?

e That was fun, it was good playing with you. I really liked hearing the music you

played on keyboard, it worked well with what I played.

e Thanks so much for playing here with me, I thought what you played was really

good. Let’s keep playing together.

The low valence-low arousal text included the three phrases:

e Let’s try it again soon, the more we play together the more we will improve. I'm

going to listen to you really carefully next time

e That was a really good start, I enjoyed the way we interacted together. We should

keep trying to work on it and get better.

e Did you listen to what I played? Do you think it worked well with what you played?

The more we practice the better we can get.

Participants first completed a consent form outlining the process, and then read brief
instructions on the experiment process. After watching three of the clips they were asked to
rate them based on Boden’s metrics, then repeated the process for the next 3 clips. Boden’s
metrics were rated on a seven point sliding scale. Participants were explicitly asked to rate
the musical improvisation from the robot for each metric. Clips were randomly ordered
for each participant. Additionally, a seventh clip was added as an attention check, which
included an additional video. In this video, instead of sound, participants were asked to

type a word that was asked for at the end of the survey.
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After watching each interaction, participants rated animacy, anthropomorphism, like-
ability and perceived intelligence using the Godspeed measure [63]. Each metric contained
four or five sub-questions, which were averaged to give an overall rating. To conclude
the experiment, participants answered demographic questions and were given an open text
response to comment on the robot or experiment.

We used Amazon Mechanical Turk (MTurk) to recruit participants who then completed
the survey through Qualtrics. MTurk is a crowd-sourcing platform created by Amazon that
allows individuals and businesses to hire users to complete surveys. Participants were paid
$2.00 upon completion of the survey, which took around ten minutes. We allowed only
MTurk Masters to participate, and required a successful task rate of 90%. We also moni-
tored time to complete overall, and time spent to complete each question. We recruited 106
initial participants, four of whom failed the attention check. An additional two participants
were disqualified as they completed the survey in under five minutes. As participants failed
the attention check a new spot was immediately opened allowing us to reach 100 partici-
pants. In total we included data from 50 participants who heard the text-to-speech system
and 50 who heard the EMP system. The mean age of participants was 44, ranging from
25 to 72, with a standard deviation of 11. The majority of participants were based in the
United States (89) with the remaining in India (11). We found no difference in compar-
isons of the results between each country. Considering the gender of each participant, 39

identified as female, 60 as male and one as non-binary.

4.3.2 Results

Our analysis was conducted with a Jupyter Notebook, running directly on the exported

CSV from qualtrics. Libraries for analysis included NumPy, and SciPy.stats.
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Creativity

Our first research questions focuses on analyzing the creativity metrics, coherence, novelty,
quality and expressivity. EMP had a higher mean for coherence 4.80 (std = 1.31), novelty
5.18 (std = 1.30), and quality 4.95, (std = 1.68) compared to speech with the means 4.19
(std = 1.56), 4.64 (std = 1.24), and 4.14 (std = 1.37). EMP had effect sizes of 0.40 for
coherence, 0.43 for novelty, and 0.56 for quality indicating a medium size effect calculated
using Cohen’s D. For expressivity, EMP had an effect size of 0.25, indicating a small effect
size. After conducting a pairwise t-test across categories were significant with the results,
coherence (p = 0.041), novelty (p = 0.040), and quality (p = 0.014). After a Bonferroni-
Holm correction for multiple comparisons, only quality remained significant with (p =
0.014) while coherence (p = 0.12) and novelty (p = 0.12) where no longer significant. For
expressivity, EMP only had a slightly higher mean which was not significant (p > 0.05).

Figure 4.17 shows a box plot of all Boden’s metrics.
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Figure 4.17: Box plot of Boden’s Creativity Metrics. Quality is significant, p = 0.014.
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Godspeed

For the Godspeed metrics we first calculated Cronbach’s alpha for each question subset.
This resulted in animacy (0.86), anthropomorphism (0.88), likeability (0.92), perceived
intelligence (0.89). This shows high internal reliability across all metrics. EMP had an
effect size for each metric as animacy (0.16) , anthropomorphism (0.08), likeability (0.85)
and perceived intelligence (0.54), measured with Cohen’s D.

EMP had a slightly higher mean for animacy 3.56 (std = 0.88) compared to speech 3.44
(std = 0.75). EMP also had a slightly higher rating for anthropomorphism 3.14 (std = 0.99),
compared to speech 3.08 (std = 0.885). After running a pairwise t-test neither animacy
or anthropomorphism were significant. EMP had a higher mean for likeability, 4.38 (std
= 0.89) compared to 3.94 (std = 0.52) and showed a significant result (p = 0.002) in a
pairwise t-test, which remained significant after a Bonferroni-Holm correction for multiple
comparison (p = 0.011). For perceived intelligence, EMP 4.10 (std = 0.82) outperformed
speech 3.72 (std = 0.70), with a significant result (p = 0.014) which remained significant

after correction (p = 0.042). Figure 4.18 shows a box plot of all Godspeed metrics.
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Figure 4.18: Box plot of Godspeed Metrics. Likeability and Intelligence are significant p
=0.011 and p = 0.042.
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4.3.3 Discussion and Future Work

Research Question 1

Overall, our results indicated that the communication method outside of performance made
a significant difference in participant ratings of creativity. The higher ratings for novelty
and quality supported our hypothesis that EMP would outperform speech, however we did
not expect coherence to improve with EMP as well. Surprisingly, we found no significant
difference between voice type for expressivity and additionally expressivity only had a
small effect size. This did not support our hypothesis as we had expected EMP to create
the impression of a more expressive robot.

Further research is required to understand why the perception of expressivity, as a cre-
ativity trait, did not change based on the voice used. One possible reason is that participants
believed a robot that could use language was capable of a wide range of expression, much
like the addition of EMP. Alternatively, expressivity is a feature that is not easily altered
by the form of interaction post-performance. Finally, it is possible that the movement or
design of shown is inherently considered expressive with any type of audio added.

The relation between each creativity rating cannot be easily simplified, and there is no
correct answer to what rating a performance should receive for coherence or novelty. We
expected that the EMP system would receive higher ratings for novelty, but not coherence.
We believe that the higher ratings for coherence may have come from the system acting as

a unified robot, with its communication functioning in the same manner as its performance.

Research Question 2

Our results for likeability matched our hypothesis that EMP would outperform speech.
Perceived intelligence ratings however did not support our hypothesis as we had predicted
language would be interpreted as having a higher intelligence. It was reasonable to as-

sume that with text-to-speech and the ability to speak a language, Shimon would have been
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perceived as more intelligent. We found that the system with EMP was considered more
intelligent, despite not communicating linguistically. This can be explained by the assump-
tions that moving towards the habitability gap will create a disjointed perception of the
robot. A possible conclusion was that participants understood there was not a deep knowl-
edge of language, whereas musical phrases implies a deeper musical intelligence. The
finding that perceived intelligence was not lower for EMP is very encouraging for further
use cases of EMP. While it requires further research, the knowledge that EMP can raise key
performance metrics, trust, and make a more believe agent, without the cost of hampering

the perception of intelligence implies a range of future possibilities.

Text Responses

We found no distinct variation in text responses between the speech and EMP group. Over-
all 92 participants chose to respond, with responses ranging from one sentence to four
sentences. From the speech group only one participant mentioned the voice, writing “I
enjoyed the robot, especially when she spoke to the pianist” (gender added by participant).
In the EMP responses four participants mentioned the voice, but only in passing, such as
the voice was “cute”. The vast majority of response rated the musical responses and gen-
erations, with the majority positive such as “I liked the robot and I like the robots music
more than the humans”, and “Nice to listen to”. The negative comments tended to focus on
the inability of robots in general to play music or be creative such as “It could play notes,

but it lacked creativity”.

Limitations

We compared one text-to-speech system with one EMP system on one robotic platform. In
future work we aim to compare further audio systems, to expand understandings of why dif-
ferent metrics showed significant results. It is possible that varying the speech used would

alter the final ratings. Nevertheless, we believe that the range of metrics that did prove
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significant show that this is an important first step in understanding how communication
between core creative tasks can shape the perception of a robot.

We were only able to compare two forms of communication in a the constrained sce-
nario consisting of directly after a musical interaction. To restrict our experiment to two
groups we did not compare EMP to sections where the robot did not interact at all. We
believe that by its nature a robot such as Shimon is always interacting and its presence can
alter humans actions [199], leading us to believe that no movement or audio is its own form
of interaction. In future research we intend to analyze the impact of EMP compared to no
interaction in a longer performance.

This study was conducted online through video, which comes with benefits and draw-
backs. As we were running online we were able to gather many more participants than
would have been possible in person. Similar HRI studies have shown no difference in on-
line replication of certain studies [200, 201], and we believe our method was constrained to
a point that would be replicated in an in-person study. We did not include a manipulation
check in our study, however our analysis of the text responses indicated that participants
did not identify the independent variable between groups.

The range of participants included in the study also adds some limitations. Our primary
goal was to understand how changes to a creative system would generalize across a broad
population. We did not factor in concerns between cultural groups that may take place,
such as between Japan and USA [202], however our study did not find any significant
variation between origin country. Additionally, our ability to generalize is restricted by
only collecting participants on MTurk, who it has been shown do not always represent
standard population samples, such as in the case of participants health status [203]. Finally,
our sample size of 106 participants was under the total that would be required to detect an
effect size of 0.50 with 0.80 power at an alpha level of 0.05, which requires a sample size

of 128.
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4.3.4 Conclusion

This section explored how a robot’s response outside of its key creative task - such as mu-
sical improvisation - alters the perception of the robot’s creativity, animacy, anthropomor-
phism, perceived intelligence, and likeability. Our research question focused on how EMP
compared to text-to-speech in a creative system for each of these HRI metrics. Through
using EMP, we were able to increase user ratings for the key creativity ratings; novelty
and coherence, while maintaining ratings for expressivity across each implementation. Our
results also indicated that by communicating in a form that relates to the robot’s core func-
tionality, we can raise likeability and perceived intelligence, while not altering animacy or
anthropomorphism.

The results in this section highlight the range of possibilities arising from the use of
EMP. Building on broad findings from the robotic arm and Shimi, this study indicates that
using EMP can alter not only broader perception metrics such as trust, but also the percep-
tion of core functionality used separately to EMP. Our results also present wide ranging
implications and future concepts for the development of creative robots. The importance of
design outside primary tasks should not only be considered for creative robots, but across
HRI. These findings indicate that embodiment and external design choices alter not only

the impression of a creative robot, but the impression of its primary functions.

4.4 Conclusion

Considering our original research question we found significant results for both the social
robot and industrial robot for trust. For the industrial robot we found no significant results
for the humanoid robot across any metrics, indicating either our approaches to audio were
not effective, or that in the case of a humanoid robot audio is less easily able to change the
perception of the robot. For the musical robot we were able to increase user ratings for the

key creativity metrics; novelty and coherence, while maintaining ratings for expressivity
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across each implementation. Our results also indicated that by communicating in a form
that relates to the robot’s core functionality, we can raise likeability and perceived intel-
ligence, while not altering animacy or anthropomorphism for musical robot. Importantly,
we found that the role of EMP and the impact it has on a system can differ drastically be-
tween systems and implementations, highlighting the need for deep consideration of audio
design.

After comparing platforms we believe EMP has the most potential benefit to robotic
arms. While the benefits carried to social and musical robots, these robots have not been
dispersed widely in the general public, with multiple examples of successful research not
turning into commercial adoption [204]. Robotic arms are however already widely adopted,
with Barclays estimates that the sales of such co-robot arms will grow to 700,000 units per
year by 2025. We also believe that EMP is uniquely beneficial to robotic arms, with the
habitability gap between types of interaction and audio through speech most likely to create
uncanny experiences. For these reasons the following studies in this dissertation will focus

experiments on potential implementations of EMP in robotic arms.
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CHAPTER §
EMP FOR PERSONALITY

Personality has been utilized in human robotic interaction research, such as in works that
embed human personality in a robot to drive certain reactions and uses [18]. Another com-
mon approach is using human personality to understand robot perception, such as the over-
all impact of the uncanny valley [205]. While emotion is considered a critical feature of
personality and is intertwined with the definition of personality itself [19], less research has
been conducted addressing the interaction of personality, emotion, and robotics. In previ-
ous chapters we developed the generative system for EMP and analyzed its use in individual
robots. While our experiment with the social robot Shimi involved emotion responses to a
human, these were all programmed with basic copying rules. This chapter examines how
emotion can be incorporated as a choice made by the robot to alter and improve interaction,
through acting with personality traits and analyzing a human’s personality traits.

In this chapter, we consider links between two of the Big Five personality types - Neu-
roticism and Extraversion, adaptive and maladaptive emotion regulation strategies, and
robotics. The Big Five is the most common measure of personality in psychology [206,
207] and is considered cross-cultural [208] with each trait representing discrete areas of
the human personality [209]. The personality traits in the Big Five, also known by the
acronym OCEAN, are Openness to experience, Conscientiousness, Extraversion, Agree-
ableness, and Neuroticism. Here, we focus on Neuroticism and Extraversion, which have
shown robust and consistent findings in regards to their role in emotion regulation for a
human’s personality [20]. These personality traits lead to emotion regulation strategies that
involve the human process of exerting control over the intensity and type of emotion felt
and how that emotion is displayed [210].

We contend that different robotic personalities can be projected primarily through audio
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using EMP. These personality types are grounded in the use of emotion regulation strategies
with different levels of Neuroticism and Extraversion. We hypothesize that varying robotic
personalities will receive different ratings by different human personalities. We propose
that by using a consistent emotion regulation strategy from the Big Five framework, robots
will achieve higher likeability and intelligence than a control group. These questions lead
to the central research question of this chapter:

RQ 3: Does a person’s personality alter their ratings of different emotional responses
portrayed through robotic EMP?

Using personality to drive robotic emotion regulations can have multiple broader im-
plications. Developing an understanding of personality and emotion can lead to the design
of deeper interactions between humans and robots and inform the creation of a new frame-
work for emotion driven interaction, leading to future improved understanding of trust.
Emotion regulation provides the opportunity to drive new areas in human-robot interaction
and develop new knowledge regarding the mechanisms that underlie affect based interac-
tion.

For the study, we embedded custom emotional gestures and emotionally driven non-
linguistic audio in an industrial robotic arm. The robotic gestures were based on human
body language poses and were validated before use. The audio system was based on an
EMP engine that has been shown effective for robotic arm interaction [160]. Avoiding
speech and language has many advantages when it is not required for the interaction, such
as reduced cognitive load [211] and improved trust [174].

In this chapter, we present two studies aiming to evaluate our platform for future use
of emotion regulation and personality. The first study considers how human personality
generates preferences for robot personality. The second study further examines emotion

regulation strategies and preferences when hearing EMP, focused on human personalities.
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5.1 Background

5.1.1 Personality and Robotics

There are a variety of frameworks for the analysis of human personality in psychology
literature, with the most common categorizations classifying personality between three and
seven traits [212]. In human robot interaction literature, the term personality is not always
used consistently and often lacks an agreed upon framework [213]. It is relatively common
for HRI researchers to describe robot personality based on distinctive responses to stimuli,
without basing their work on any specific personality model [214, 215]. A few studies have
shown the potential of embedding psychologically driven personality models in human
robot interaction [216]. These include aligning human and robot actions based on human
personality [217], predicting the acceptability of a robot in a teaching environment [218],
and understanding the impact of personality on understanding robot intentionality [219].
Emotion modeling has been incorporated into some robotic personality models. For ex-
ample, [220] use custom, subjective variations in emotional response to create nine unique
personalities. [221] and [222] developed a robotic personality based on the Big Five, while
using emotional responses based on possible relations between each class of the Big Five
and emotion. However, these projects stay in conceptual level, do not have roots in psy-

chology literature, and have not been tested with human users.

5.1.2  Emotion Regulation Strategies for Robotics

Emotion regulation is the process of modifying both an internal feeling of emotion and
our external expression of an emotion [223]. There are three core features of emotion
regulation that separate regulation from common approaches to emotion in robotics. The
first is regulation relies on an intrinsic or extrinsic activation of a goal to modify emotions
[224]. The second feature emphasizes mentally engaging with the cause of the emotion

and changing one’s internal reaction [225]. The third feature relies on varying the length
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and intensity of an emotional reaction [226].

There is limited work on emotion regulation in robotics, which often focuses on sig-
naling [227]. Signaling implies that an internal emotion used by a robot must match the
external emotion shown by a robot. Emotion regulation, however, which is a key element of
emotion in humans and has direct links to personality, is hardly addressed in HRI research.
A meta-analysis of emotion regulation and the Big Five found 32,656 papers including
reference to regulation strategies linked to personality [228]. These findings are not al-
ways consistent however both Extraversion and Neuroticism had robust findings across the
survey.

The literature overall indicates that emotion regulation strategies can be generated based
on personality for agents with high Neuroticism and low Extraversion or low Neuroticism
and high Extraversion. [21] in particular, describe contrasting response types for positive
and negative emotion. High Neuroticism and low Extraversion (HighN-LowE) personali-
ties are consistently more likely to respond to positive stimuli with reduced valence emo-
tions, such as relief, whereas low Neuroticism and high Extraversion (LowN-HighE) are
much more likely to respond directly with Joy or Happiness. For negative stimuli, HighN-
LowE have a much higher likelihood to show disgust, fear, or guilt, while LowN-HighE
are more likely to express sadness directly. In this chapter, we utilize these approaches to
present a LowN-HighE robot and a HighN-LowE robot, each capable of responding with
a different range of emotions to stimuli. This creates personality models that are able to
respond to positive or negative stimuli, with varying response types, allowing a positive
response to take multiple forms. This is wide expansion of previous chapters, and presents

a method to actually implement emotions in autonomous robotic systems.
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5.2 Personality Experiments

5.2.1 Stimulus

To display emotion regulation strategies we combined our EMP with a new robotic emotion
gesture model created by Amit Rogel. The movements for each joint were created by
hand to match our EMP. The gestures were designed by studying traditional human body
language postures. Human gestures were broken down into their fundamental movements
based on [82] and [229]. These motions were then mapped to various joints on the robot.
Most of these mappings involved designing erect/collapsed positions for the robot as well
as forward/backward leaning motions to create a linear profile of the robot that matched

human gestures (shown in figure 5.1). Figure 5.2 shows the robots joint labels and motion.

Figure 5.1: Example of robot creating a linear profile on top of [229]’s picture for fear

The robotic arm joints were primarily designed to mimic human motions. For example,
the motion of joint 4 was designed to create erect and collapsed postures while joint 2
simulates forward and backward leaning motions. The position of fear as shown in figure
5.1, for example, depicts backward leaning of joint 2 leading to a slightly collapsed position

of the full arm. To express sadness, the motions from [229], mapped joint 4 as a collapsed
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Joint 6

Joint 4

Joint 2 Joint 3

Figure 5.2: Franka Emika’s Panda robot was used in study. Joint labels and movements are
shown.

position while Joints 5 and 6 acted as head movements for the robot. To depict joy and
admiration, joint 6 was designed to angle upwards to match the positive upright position
of humans experiencing positive valance [82]. Joints 1 and 7 did not have specific emotion

links, but were important in adding subtle changes to the robot to appear more human .

The recordings of gestures used can be found here: www.richardsavery.com/personalitygestures
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The gestures were hand designed while following the guidelines found in the table.

While human gestures informed the robotic arm’s movement speed, rest times between
movements and number of movements were designed to synchronize with the audio phrases
to create a connection between EMP and the physical movements of the robot. After pri-
mary joint movements were established, smaller, subtle movements were added to some of

the remaining joints to increase the animacy of the robot.

Validation

Human perception of the robotic gestures and sounds used in the experiments was validated
in a user study. Each participant completed a survey containing 30 videos. Each video was
approximately 8 seconds long and depicted a robot gesture and sound corresponding to
a particular emotion. 17 different emotions were represented among the videos. After
each video, participants were asked to identify the emotion they perceived, along with its
intensity on a scale of 1-5, using the Geneva Emotion Wheel. One video was used as an
attention check, which showed a robot gesture along with audio instructing the participant
to select a particular choice. The validation used a total of 20 participants from Amazon
Mechanical Turk. One participant was eliminated due to failing the attention check, leaving
a total of 19 valid participants. Of these, there were 11 from the United States, 6 from India,
1 from Thailand, and 1 from Malaysia. 17 identified as male, and 2 as female. The mean
age was 36.5.

We utilized two metrics to analyze the validity of the videos, based on [148] - the
mean weighted angle of the emotions reported by participants and the respective weighted
variance. Both of these metrics were weighted according to reported intensity, and were
converted to units of emotions on the wheel. The average emotion error (absolute difference
between weighted reported emotion and ground truth emotion) was 1.7 with a standard
deviation of 1.1. The average variance was 2.8. All emotion errors were below 3.5 except

for one video, which represented admiration and had an error of 5.0. Due to the overall
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higher emotion error and variance found for emotions in Quadrant 4 (positive valence, low
arousal), we chose to keep this video in the study only for Experiment 2 and report results
when it is included. However, we performed the statistical analysis with and without this
video to ensure that it did not change the findings. These results show that participants were
able to interpret the expressed emotions within a small range of error, making the videos

suitable for use in the experiments.

5.2.2  Experiment One: Human and Robot Personality

The first experiment compares two robotic personalities driven by emotion regulation strate-

gies, one with HighN-LowE, and the other with LowN-HighE.

Research Questions and Hypotheses

Research question 1 examines how the robot’s personality alters its perception amongst all
participants. This question does not consider the participants’ personality type and instead
aims to identify broad trends amongst all interactions. We will consider anthropomorphism,
animacy, likeability, and perceived intelligence for each participant.

RQ 1) How does a robot’s personality type as portrayed through emotion regulation
strategies alter anthropomorphism, animacy, likeability, and perceived intelligence?

We hypothesize that the robot with LowN-HighE will achieve greater ratings for like-
ability and perceived intelligence, while we will see no difference in anthropomorphism
and animacy across all participants combined. We believe that emotion regulation strate-
gies matching LowN-HighE are conducive to immediate likeability in a short term experi-
ment as they show less unpredictability. We believe predictability will also contribute to an
increase in perceived intelligence.

Our second research question considers users in correlations between participants with
LowN-HighE or HighN-LowE with robots with the same personality traits. Emotion regu-

lation strategies are not as robustly found for humans with LowN-LowE or HighN-HighE,
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so we will not consider this category for this question.

RQ 2) How does a users’ personality type impact their ratings of different emotion reg-
ulation strategies for anthropomorphism, animacy, likeability and perceived intelligence?

We hypothesize that each category will have a preference for the emotion regulation
strategy that matches their own personality type for likeability and perceived intelligence,
while there will be no difference for anthropomorphism and animacy. While the previous
question described our belief that LowN-HighE would achieve better results, overall we
believe that would occur largely to the addition of LowN-LowE or HighN-HighE, whereas

each group individually will show significant variation in results.

Experiment Design

Participants first read a consent form and entered their names to confirm consent. They then
completed the Ten Item Personality Measure (TIPI) [230], which gives the users personality
with the Big Five emotion model. TIPI was chosen as it has shown strong convergence with
widely used longer measures, and has been shown to effectively gather personality in online
platforms such as Mturk [231].

The main section of the experiment involved participants seeing a photo followed by a
robotic response. We used photos from the open effective standardized image set (OASIS)
[232], which features a range of images tagged with valence and arousal ratings. We chose
photos that clearly showed positive or negative sentiment, but also with a high standard
deviation still within the bounds of positive or negative, implying a range of emotional re-
sponse. We used a between experiment design, with participants randomly split into two
groups, either seeing a robot responding to the stimuli with LowN-HighE or a robot re-
sponding with HighN-LowE. The responses were based on the response type described in
Section 5.1.2, with each image returning an emotion based on the varying emotion regula-
tion strategies. The same images were used for each robot personality type.

Figure 5.3 shows a sample sad image with a still of the robotic response. For each
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Figure 5.3: Sample Stimulus and Still of Robot Response

photo participants were asked to identify if the accompanying emotional reaction matched
the image with a yes, no, or ‘other’ option. This was inserted to force participants to watch,
as every expected response was yes. Stimuli were randomly ordered for each participant
with an attention check also appearing randomly. The attention check involved a related
image as well as audio requiring the participant to type a specific phrase in the selection
box ‘other’.

Following reviewing the emotion stimuli participants were shown three text questions
with an accompanying emotional response. The responses to each question were matched

to expected responses by personality as found in work by [21].

1. How stressful was the task you just completed?

2. To what extent did you experience positive emotions?

3. To what extent did you experience negative emotions?

After viewing all stimuli, participants completed the Godspeed Questionnaire. Par-
ticipants were asked to complete the survey while considering the robot across all videos

shown for each image. Godspeed is a commonly used human-robot interaction standard for
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measuring anthropomorphism, animacy, likeability, perceived intelligence, and perceived
safety of robots [63]. We chose not to ask participants about perceived safety as felt it was
not relevant to the research question or reliably observed given the experiment design. The
Godspeed Questionnaire involves 28 questions (22 without perceived safety), rating users’
impression of a robot for terms such as Artificial to Lifelike, which combine to give the
broader metrics. Following the Godspeed test, we collected participant demographic infor-
mation including year of birth, country of origin, and gender. The combined study took no
more than 15 minutes, with the average time to completion of 11 minutes. The survey form
was hosted on Qualtrics.

We had 100 participants complete the study, of which 8 were eliminated due to failing
an attention check, leaving a pool of 92. Of the 92 participants, the mean age was 42 with
a standard deviation of 10 and a range of 22 to 69. 36 participants identified as female and
57 as male. Each participant was paid $2.00. 21 participants’ country of origin was India,
with the other 71 from the United States. We found no significant variation in responses

from differences in countries of origin, gender or age.

Results

We first analyzed the participants’ personality results and found the break down between
Neuroticism and Extraversion as HighN-HighE n=11, LowN-LowE n=13, HighN-LowE
n=27, and LowN-HighE n=36. For the Godspeed test, we first calculated Cronbach’s Alpha
for each category. The results for each category were: Animacy 0.83, Anthropomorphism
0.88, Likeability 0.92, and Intelligence 0.91. This indicates a high internal consistency

across all survey items.

Research Question 1

The robot personality with LowN-HighE emotion responses had a higher mean for both

likeability and perceived intelligence. After conducting pair-wise t-tests the results were
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significant for both categories; for likeability (p=0.011) and for perceived intelligence
(p=0.015).

For likeability LowN-HighE had a mean of 4.191, a standard deviation of 0.684, and the
confidence interval (3.903,4.480). LowN-HighE had a high effect size of 0.856. HighN-
LowE had a mean of 3.606, a standard deviation of 0.924, and a confidence interval (3.272,
3.940). For the intelligence statistics LowN-HighE had a mean of 3.992, a standard de-
viation of 0.790, and the confidence interval (3.658,4.325). LowN-High had a high effect
size of 0.741. For intelligence HighN-LowE had a mean of 3.406, a standard deviation of
0.919 and the confidence interval (3.074,3.737). For anthropomorphism and animacy the
results were not significant (p>0.05). These results proved our hypothesis and showed that
the robotic personality type did alter the general populations’ ratings for likeability and

perceived intelligence. Figure 5.4 shows a box-plot of the results.
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Figure 5.4: Comparing Robot Personality Across All Participants

Research Question 2

Both human personalities rated the robot with LowN-HighE higher for likeability, with a
pair-wise t-test giving significant results for LowN-HighE (p=0.025) but not for HighN-

LowE (p=0.147). Figure 6.4 shows an overview of these results. This partly supported
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the hypothesis with LowN-HighE preferring LowN-HighE, but without significant results
for HighN-LowE. Likewise perceived intelligence rating was higher from both for LowN-
HighE, but again only with significant results for LowN-HighE human personalities (p=0.049),
and for HighN-LowE (p=0.78).
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Figure 5.5: Comparing Human Personality Across Platform. Left indicates humans with
LowN-HighE, right HighN-LowE

Contradicting our hypothesis, both animacy and anthropomorphism showed ratings for
robot personality that matched that of the human personality. Users with LowN-HighE
rated the robot with LowN-HighE better for both animacy and anthropomorphism although
neither was significant (p>0.05). HighN-LowE also rated animacy and anthropomorphism
higher for the robot with HighN-LowE, with a significant result for anthropomorphism
(p=0.004). Further discussion of these results is available in Section 5.2.4, including com-

parisons with the results from our second experiment.

Supplementary Results: Openness, Conscientious and Agreeableness

Our research questions focused on collecting and analyzing the personality traits Neuroti-
cism and Extraversion, however standard personality measures for the Big-5 also include
Openness, Conscientiousness and Agreeableness. Openness is linked to levels of curiosity

and willingness to try new things; conscientiousness is considered a efficiency and or-
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ganisation, while agreeableness is related to friendliness and compassion. As previously
described these traits do not have consistent findings in relation to emotion regulation, nev-
ertheless we believe analyzing their links to our other variables is worth consideration to
guide future work.

Our results for Openness to experience matched expectations, with the more open a
participant the more likely they were to rate both robot personalities as likeable and intelli-
gent. Comparing openness and intelligence gave a Pearson’s correlation coefficient of 0.4
with p=0.002, indicating a moderate positive relationship. Figure 5.6 shows the high and

low openness trait for each metric.
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Figure 5.6: Openness to experience personality trait rating for each metric

While [231] found Mturk personality surveys gave accurate results, we believe TIPI
was insufficient for measuring conscientiousness and could not draw any conclusions on
the trait. TIPI includes two questions for measuring conscientiousness, asking for a self-
rating of participants’ dependability and carefulness. For Mturk we believe participants
would be wary to mark either rating too low and risk their rating on the platform. This lead
to a distribution with 88 participants rating themselves as highly conscientious and 5 giving
themselves a low conscientious rating.

We found no relation between agreeableness and preferences for emotion regulation

or robotic personalities. The Pearson correlation coefficient for each metric was: animacy
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(0.136, p=0.195), anthropomorphism (0.46, p=0.661), likeability (0.195, p=0.062), and
perceived intelligence (0.190, p=0.069).
This replicates common psychology findings, that find agreeableness plays a part in

emotion regulation near exclusively in social emotion settings [233, 234, 235].

5.2.3 Experiment Two: Emotion Regulation Preferences

In the first experiment user’s decide between two preexisting personalities in order to under-
stand emotional regulation strategies. The second experiment aims to explore these strate-
gies with participants creating a robot personality. Based on the user’s desired reaction for
the robots, the robot could be either high Neuroticism-low Extraversion (HighN-LowE),
or low Neuroticism-high Extraversion (LowN-HighE). The second experiment further ex-

plores desired personality types in robots.

Research Questions and Hypothesis

The second experiment builds on our findings from the first experiment in hopes of finding
a consistent regulation strategy. Now that participants can build a more ideal personality,
we want to consider and further explore the most appropriate reactions.

Research Question 3) Do users consistently choose one emotion regulation strategy for
all stimuli?

Research Question 4) How does a user’s personality type impact their preference when
comparing between two different emotion regulation strategies (HighN-LowE and LowN-
HighE) for a robot?

We hypothesize that results will follow a similar trend to research question 2; each
category will prefer an emotional response similar to their own personality type. Just like
the second research question, LowN-Low-E and HighN-HighE were not included because
they are not as reliable.

We also hypothesize that participants may prefer a more consistent robot personality,
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and therefore would tend to select videos from one of the two emotion regulation strategies.

Experiment Design

Like the first experiment, participants began the study by reading and signing a consent
form and completing the TIPI. The experiment differs in the primary section, where par-
ticipants were given a photo and two videos of the robot. The photos used were from the
OASIS set of photos used in the first experiment. The photos include a variety of valance
and arousal tags. For each image, two robot response videos were displayed. Each one of
the videos was associated with an emotion, reacting to the stimulus as either highN-lowE or
lowN-highE. Participants were asked which response they would prefer to see in the robot
as a reaction to the given image.

Each participant was shown 14 photos with robot responses, as well as one additional
photo that was used as an attention check. In this question, one video instructed the user to
select the other” option and type a specific phrase. The ordering of the two video responses
was randomized for each question, and the ordering of the questions was randomized for
each participant.

We had 100 participants complete the study, of which 14 were eliminated due to either
failing an attention check, or failing to follow instructions and selecting the ”other” option
for a question that wasn’t the attention check. This left a remaining pool of 86. Of the
86 participants, the mean age was 41 with a standard deviation of 10 and a range of 25 to
68. 25 participants identified as female and 61 as male. Each participant was paid $1.50.
This is less than Experiment One because this study was estimated to take less total time
to complete. 23 participants’ country of origin was India, 60 from the United States, 1
from Libya, 1 from Thailand, and 1 from Singapore. We found no significant variation in

responses from differences in countries of origin, gender or age.
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Results

We first analyzed the participants’ personality results and found the break down between
Neuroticism and Extraversion as HighN-HighE n=4, LowN-LowE n=31, HighN-LowE

n=15, and LowN-HighE n=36.

Research Question 3

To investigate whether participants tended to consistently choose one emotion regulation
strategy over the other, we looked at the distribution for the difference between the num-
ber of times each participant selected from the two strategies. If participants consistently
chose one of the two categories, we would expect to see a bimodal distribution, with some
participants centered around more HighN-LowE choices, and others centered around more
LowN-HighE choices. Figure 5.7 shows this distribution, plotting the number of HighN-
LowE selections minus the number of LowN-HighE selections. It appears normally dis-
tributed, with a mean of -.70 and a standard deviation of 3.7. The confidence interval was
(-1.48, .08). We performed a Chi-squared goodness of fit test between the observed data
and a binomial distribution with probability 0.5. yx? was 4.3, which is less than the critical
value of 6.6 (for 14 degrees of freedom). This supports that there is no significant difference
between the observed distribution and a binomial distribution.

To determine whether there was a trend among all participants of one strategy over the
other, we performed a 1-sample t-test on these differences, comparing against an expected
mean of 0. The p-value was .083, which is not significant. The effect size was .19.

These results do not support that participants consistently chose one emotion regulation

strategy over the other.

Research Question 4

We first performed a 2-tailed t-test for the percentage of times each participant selected

the HighN-LowE robot response, comparing between the HighN-LowE participants and
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Figure 5.7: Distribution of participant video selections, difference between number of
HighN-LowE vs. LowN-HighE selected

the LowN-HighE participants. For HighN-LowE participants, the mean was .45 and the
standard deviation was .12, with confidence interval (.39,.51). For the LowN-HighE par-
ticipants, the mean was .46 and the standard deviation was .14, with confidence interval
(.42,.51). The result of the t-test was p=.81 which is not significant. The effect size was
.07.

To investigate further, we performed two Pearson correlation tests. Both tested cor-
relation with the percentage of times each participant selected the HighN-LowE robot re-
sponse. We first tested correlation with each participant’s neuroticism (N) score, with a
result of r=.038, indicating no correlation. We then tested with each participant’s extraver-
sion (E) score, with a result of r=.049 also indicating no correlation. Figure 5.8 shows this

relationship.
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Figure 5.8: Scatter plots showing no correlation between participants’ selection of emotion
regulation strategy and Neuroticism/Extraversion

5.2.4 Discussion

Experiment One: Human and Robot Personality

We found LowN-HighE consistently more likeable for all users, with significant results for
the LowN-HighE human with LowN-HighE robot. While we can not conclude why this
is the case, we believe it may be due to the nature of short-term interaction. Especially
in a single encounter, it is reasonable to assume that a robotic agent that shows higher
extraversion and more emotional stability (through lower neuroticism) is more immediately
likeable regardless of a user’s personality.

LowN-HighE also received higher ratings for perceived intelligence across both person-
ality classes. This indicates that perceived intelligence is much more than just the ability to
accurately complete a task. All users almost unanimously rated the robot as correctly iden-
tifying the emotion, yet still found a significant difference in perceived intelligence. As for
likeability, we believe this reduced intelligence rating is due to higher levels of emotional

instability.
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Contradicting our hypothesis, anthropomorphism and animacy ratings corresponded to
human personality types, with HighN-LowE and LowN-HighE both rating their matching
robotic personality higher. While we did not predict this, we believe this does make sense
as users who see emotion regulation strategies closer to their own may be more likely to

see anthropomorphic characteristics in a robot and more lifelike behavior.

LowN-LowE, HighN-HighE

Our core personality design involved HighN-LowE and LowN-HighE, however, we were
also able to analyze LowN-LowE and HighN-HighE. Our sample size from experiment
one was significantly smaller for both these groups (n=11 and n=13). Figure 5.9 shows
the results for all personality types. LowN-LowE and HighN-HighE personalities are less
common and less easily grounded in literature, so any conclusions from this data are not
easily verified. However, there are some clear distinctions between comparisons of each
human personality. HighN-HighE has almost no variation between robot personality with
no significant results. This implies either that emotion regulation strategies do not im-
pact this personality type, or that neither of our emotion regulation strategies strongly
impacted HighN-HighE personalities. LowN-LowE personalities however did not have
significant results for the LowN-HighE robot, for perceived intelligence (p=0.48) and like-
ability (p=0.49). This matches the results achieved for the general population and the
LowN-HighE group. Despite these results, there is still future work required to draw any

conclusions about LowN-LowE and HighN-HighE personalities and robotics.
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Figure 5.9: Comparing LowN-LowE and HighN-HighE
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Experiment Two: Emotion Regulation Preferences

We did not find that participants consistently chose one emotion regulation strategy over
the other, and did not find a correlation between their choices and their personalities. One
reason for this could be that the first experiment looks at all the emotion regulations as a
whole while the second experiment focuses on a user evaluating each strategy as a spe-
cific entity. The participants were making specific pairwise comparisons between videos,
making the results fairly dependent on the specific gesture/audio sample pairs. This focus
on a particular reaction may put more emphasis on a gesture and audio preference than a
personality preference.

Additionally, only 14 comparisons were made in total. There were some high variances
in the emotion validation, especially for emotions in Quadrant 4 of the Geneva Emotion
Wheel. Even though the mean weighted reported emotions were generally close to their
ground truth values, the high variance means that many video examples may be necessary
in order for the results to successfully represent the emotion over specific gesture/audio
samples. This may have caused the users to have trouble properly identifying the personal-

ities.

Limitations

While attempting to control for all weaknesses in the study, there are several limitations that
are worth describing. We did not collect information on participants on how they perceived
the personality of each robot, so do not have a firm metric that the robot was believed to
be a certain personality. This however was a considered decision; it has been repeatedly
shown that untrained humans are inaccurate at predicting others’ personality types through
observation, especially over short interactions [236, 237]. Nevertheless, future work at-
tempting to identify how emotion regulation in robotics portrays a personality type to users
would be of benefit.

Our study used videos of the robots interacting instead of in person participation. We
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believe for this experiment this did not alter the end results and improved overall out-
comes as we were able to recruit many more participants than would be possible in person.
Multiple past papers have shown no significant variation in results when a participant is
watching a robot on video compared to in person [200, 201]. In future work, we expect
to apply lessons learned from these studies to in person experiments and interactions and

believe lessons learned from video will apply to in person studies.

5.3 Conclusion

Considering our third research question, the findings suggest that all human personalities
prefer to interact with robots showing low Neuroticism and high Extraversion over the short
term. No significant results were found regarding the perception of anthropomorphism
and animacy. The chapter overall presents a new framework for developing emotional
regulation and personality strategies for human-robot interaction. It explores how the Big
Five personality traits can inform future designs of emotion-driven gestures and sound for
robots. In particular, it studies the interplay between human and robotic Neuroticism and
Extraversion and their effect on human perception of robotic personality.

This chapter has demonstrated possible future directions for implementing autonomous
EMP reactions into robotic systems. Whereas the previous chapter focused on confined,
scripted interactions, this chapter has demonstrated how these interactions can be expanded
and personalized for robotic arms. Key broader contributions include the development and
implementation of novel affect and personality models for non-anthropomorphic robotic
platforms. Other contributions include a groundwork understanding of emotion regulation
strategies in human-robot interaction and novel insights regarding the underlying mecha-

nism of emotion and affect in robotics.
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CHAPTER 6
EMP FOR ROBOTIC GROUPS

Text from this section has been published as:
Emotion Musical Prosody for Robotic Groups and Entitativity, Richard Savery, Amit
Rogel and Gil Weinberg, 30th IEEE International Conference on Robot & Human Interac-

tive Communication, 2021 [238]

In the following chapter, we aim to explore how EMP can be expanded beyond dyadic
human-robot interactions, exploring the role of EMP in groups of robots. Studies that
have been conducted on group interaction show differences in the perception of a robot
in a group, compared to individually. EMP has significant potential for group interaction,
through improvement of current issues facing group HRI. These include low willingness
to interact as well as higher levels of fear [239]. These issues are often exaggerated for
non-anthropomorphic robots in groups, with results indicating that such robots are more
threatening and less likely to encourage human engagement [68]. We believe the metrics
that often suffer in group interactions can be linked to metrics that have shown improvement
through the use of EMP, such as likeability and trust, especially through a reduction of
entitativity.

A key issue with groups of robots is the amount of entitativity perceived by human col-
laborators. Entitativity refers to the level in which a group is seen as a single entity, such
as multiple arms being viewed as a single robot, compared to individual agents. Entitativ-
ity measures how a group is perceived as a coherent unit rather than separate individuals
[240]. Understanding entitativity in human interaction is considered crucial for developing
fundamental understandings of human group dynamics [241]. It has been demonstrated

that the perception of higher levels of entitativity will create a negative image of the group
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with less chance of external interaction [242]. For robots, entitativity has only recently en-
tered consideration, with some findings linking higher entitativity to a reduced perception
of friendliness and comfort while increasing ratings for “unnervingness” and “creepiness”
[243].

In psychology, entitativity is used as an important measurement for group dynamics
and effectiveness. Castano theorizes that four main factors impact a group entitativity:
common fate, similarity, salience, and boundedness [244]. In human groups, people can
relate more to high entitativity groups than low entitativity groups [245, 242]. Hamilton
suggests that outsiders are more likely to engage in integrative processing of groups with
high entitativity [246]. Increased entitativity will also increase the perceived unification of
the group. In human groups, high entitativity requires increased coordination and focus on
unification to accomplish a task [246].

While human entitativity has been widely researched, there have been limited studies on
the perception of entitativity in robotic groups. Fraune found that increasing the quantity of
robots would create more negative emotions towards the robots. A higher quantity would
increase anxiety and fear levels of humans [247, 68]. Abrams showed synchronicity in
robot movements can vary entitativity and appear scary to an observer. However, robots
that appear unique would leave a warmer impression, and increase the desire to work with
humans [248]. Saunderson found that a large amount of robots in groups can negatively
impact a human’s impression and trust [31]. We believe that the work described in this
chapter on integrating EMP into robotic groups can address and mitigate this negative effect
of robotic entitativity. Understanding entitativity and HRI metrics in groups leads to our
final research question:

RQ 4: Can EMP be scaled to group robotics, to reduce entitativity while increasing
trust and likeability ratings?

We believe these benefits can be extended from individual robots to groups of robots,

improving key metrics for industrial arms. We also contend that as EMP can be easily
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modified with timbre shifts, it can support reducing entitativity. Such changes to the sound
of the EMP can imply variation between robots in a group setting, allowing an easy format
to reduce entitativity.

We conducted a between-groups experiment, comparing three industrial arms perform-
ing a collaborative task with a human participant. Participants were shown either the arms
without EMP, each arm performing with the same EMP, or the arms performing with vari-
ations of the same EMP. We found significant improvements for trust and likeability for
the EMP robots, with no variation for participants willingness to interact, confidence with
the system or perceived intelligence. Arms performance with different versions of EMP
had the lowest rating for entitativity, while using the same EMP achieved higher ratings
for entitativity. We also examined the relationship between entitativity ratings and each
HRI metric such as trust and likeability, and found that higher levels of entitativity lead to

increased ratings across all metrics, contradicting past findings [68].

6.1 Experiment

6.1.1 Method

We investigate three research questions to study the intersection of robots in groups, enti-

tativity and EMP:

RQ 1 Can EMP improve Likeability, Perceived Intelligence, Trust, Confidence and Will-

ingness to Interact, for a group of robots?

RQ 2 Can variations in EMP lower the level of entitativity for a group of robots?

RQ 3 How does the level of entitativity correlate with Likeability, Perceived Intelligence,

Trust, Confidence and Willingness to interact?

Research question 1 focuses on understanding the relationship between common HRI

metrics and groups of robots. For this question, we are only interested in comparing the
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same prosodic voice for each robot against gestures, with the goal of replicating improve-
ments shown in past studies with individual robots. The metrics were chosen due to past use
in both group studies [68, 239] and the use in our previous studies with individual robots
and EMP. Our hypothesis is that each metric will be improved by EMP with a significant
result, replicating the results that have occurred for individual robots.

Research question 2 aims to compare the level of entitativity between three groups,
one with gestures alone, one with a single voice and one with variations on EMP. Our
hypothesis is that the single voice and gesture will perform similarly, while the multiple
voices will achieve a lower level of entitativity, implying the appearance of multiple agents
in the group.

Research question 3 is an exploratory question, designed to identify the relationship
between entitativity and each metrics. We believe that higher levels of entitativity will
correlate with reduced metrics as supported by research in human psychology and past

research in HRI.

6.1.2 Measures

For each metric we used either an established measure or a combination of existing mea-
sures. To measure likeability and perceived intelligence we used a subset of the Godspeed
survey [63], as used in chapters 4 and 5. Participants were asked to rate their impression
of likeability and perceived intelligence for five questions on a scale of 1-5. We measured
willingness to interact and confidence to interact each with three questions on a Likert scale,
combined from past surveys [67, 247, 68]. To measure trust we used Schaefer’s 14-point
scale with participants rating each question from 0-100% to give a total trust percentage. To
the common survey answers we added a “Not Applicable” option, as suggested by Chita-
Tegmark et al. [249] to allow participants to avoid responding to aspects of trust they feel
are not applicable to the industrial arms. We collected participant’s age, identified gender

and country of origin.
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Figure 6.1: Three xArms used for the stimuli. Each xArm was tasked to transport a ring to
a box behind them

There is no standard accepted measure of entitativity, with HRI studies commonly com-
bining multiple metrics from social studies, psychology and other HRI papers [250, 247].
Common questions range from defining entitativity for the participants and then asking di-
rectly for a rating [251], to attempts to combine other metrics such as friendliness, creepi-
ness, comfort and unnerving into a rating [243]. We chose to measure entitativity using the
survey proposed and validated by Blanchard et al. [241] which was shown to be effective
for online and in person analysis. This measure consisted of three questions on a 7-point

Likert scale.

Stimuli

We used a two minute video as our stimuli, overdubbed with different audio for each group.
In the video we showed three robotic arms (shown in Figure 6.1) interacting with a human
user. The human user placed a ring on each arm, that the robot then placed in a box behind
itself. Each robot used the same movement and gestures to place the rings in the box. We
chose to have each robot act directly with the human, as opposed to additional interactions
from robot to robot. While this limited the group dynamic, we believed this allowed a better
experimental setup for multiple reasons. This allowed identical performance and interac-

tion for each robot, with the same repeated action. It also allowed for more opportunities
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for the human to interact with the robot and hear the EMP response. Finally, we believed
by containing to a simple interaction we could highly control users perception of the inter-
action between response types. The robot used in the study was an XxArm, a 7 degree of
freedom industrial arm made by uFactory.

We created three versions of the video with different audio, starting with a gesture only
version which did not have any added audio. From the previously generated audio we
chose emotions tagged as admiration, contentment, and compassion, each low arousal high
valence emotions.

The second version of the video used a matching voice (referred henceforth as sin-
gle voice) for each robot. For each interaction the single voice used a different prosodic
phrase, but had matching timbre, essentially sounding like the same voice singing a differ-
ent phrase each time. For the third version of the video we used three different versions of
the voice from the dataset. We also added variations to each voice through pitch shifting, a
formant filter and modulation. This had the effect of sounding like three different voices,
one for each robot. All three versions maintained the room sound and sounds of the robots

movements. All stimuli can be viewed online. '

6.1.3 Participants

We recruited 60 participants on Prolific and 108 participants on Amazon Mechanical Turk
(MTurk) to complete the study. Each participant was paid $2.00. We selected only MTurk
Masters to participate and had no restrictions on prolific. We used multiple attention checks
to verify each participant, and disqualified any data that failed any check. Our first attention
check consisted of a spoken phrase at the end of the video requesting participants to type
a random word on the next screen. We also had a question in the trust survey requiring
participants to choose 10%. In addition to direct questions, we tracked the time spent

on each question and the video, with any participant who did not watch the entire video

'www.richardsavery.com/prosodyentatitivitystudy
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removed. Finally, we removed two participants who completed the survey a second time,
we assume after realizing they missed the audio from the attention check and restarting.
From Prolific 6 participants failed an attention check, while 9 on MTurk failed an attention
check, leaving us with a total of 153 participants.

In total we had 49 participants in the gesture only group, 48 in single EMP and 56
in the multiple audio. Participants place of origin was spread across 22 countries, with
the majority from United States of America (n=71), India (n=22), Poland (n=14), Portugal
(n=11), Mexico (n=8) with the remaining countries each have 5 or less participants. We
found no significant variation in responses from each country, with the countries with less
than 5 each fitting within the range of majority of responses. We had 62 participants identify
as female and 90 as male, also with no significant variation between groups. The mean age

of participants was 37 with a standard deviation of 12 and ranging from 18 to 75.

6.1.4 Protocol

The survey was conducted online using Qualtrics. Participants first completed a consent
form and entered their MTurk or Prolific ID to indicate consent. They were then given
instructions to watch the stimuli video with headphones connected. Participants were ran-
domly assigned to one of the three groups of the study. Following the video participants first
entered the text for the attention check and then completed the previously described mea-
sures. The measures were randomly ordered for each participant, with the sub-questions
(such as each component of the trust survey) also randomly ordered for each participants.
After completing each measure participants entered their demographic details and had a
open text field with a prompt asking for any feedback on the robot system or experiment in

general.
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Figure 6.2: Box Plot of Likeability, Intelligence, Willingness and Confidence

6.2 Results

6.2.1 RQ 1: HRI Metrics

Likeability and Perceived Intelligence

The Cronbach’s Alpha results for Likeability and Perceived Intelligence were 0.869 and
0.866 respectively, indicating high internal reliability for both measures. Perceived Intel-
ligence had the results for single voice (mean = 3.324, std = 0.716, effect size = 0.050),
multiple voices (mean = 3.271, std = 0.880, effect size = 0.230) and the gestures alone
(mean = 3.527, std = 0.764, effect size = 0.240), with effect size calculated using Cohen’s
D. We ran a one-way ANOVA with the result p > 0.05, indicating the result was not sig-
nificant. Perceived intelligence did not have a significant different between groups with
each category having similar means and standard deviations, which did not support our
hypothesis.

Likeability had the results for single voice (mean = 3.931, std = 0.600, effect size =
0.246), multiple voices (mean = 3.975, std = 0.800, effect size = 0.285) and the gestures
alone (mean = 3.553, std = 0.736, effect size = 0.545), with effect size calculated using
Cohen’s D. We ran a one-way ANOVA with the result p = 0.007, indicating the result

was significant. Likeability was improved significantly for both versions of EMP over
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the gestures alone, supporting our hypothesis. Figure 6.2 shows a box plot of the results
for likeability and perceived intelligence. Perceived intelligence did not have a significant
different between groups with each category having similar means and standard deviations,

which did not support our hypothesis.

Confidence and Willingness

Confidence had the results for single voice (mean = 4.142, std = 1.607, effect size = 0.128),
multiple voices (mean = 4.285, std = 1.637, effect size = 0.003) and the gestures alone
(mean =4.42, std = 1.363, effect size = 0.151), with effect size calculated using Cohen’s D.
We ran a one-way ANOVA with the result p > 0.05, indicating the result was not significant.
Willingness had the results for single voice (mean = 5.183, std = 1.409, effect size = 0.158),
multiple voices (mean = 4.875, std = 1.663, effect size = 0.150) and the gestures alone
(mean = 5.064, std = 1.699, effect size = 0.026), with effect size calculated using Cohen’s D.
We ran a one-way ANOVA with the result p > 0.05, indicating the result was not significant.
Neither confidence or willingness showed a significant result, indicating that EMP did not

improve either of these metrics. Figure 6.2 shows a box plot of these results.
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Figure 6.3: Box Plot of Trust Ratings
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Trust

To analyze our trust results we first calculated Cronbach’s alpha which gave the result of
0.859, indicating high internal reliability. For single voice the results were (mean = 0.734,
std = 0.146, effect size = 0.376), multiple voices (mean = 0.710, std = 0.166, effect size
= 0.125) and the gestures alone (mean = 0.642, std = 0.710, effect size = 0.592), with
effect size calculated using Cohen’s D. We ran a one-way ANOVA with the result p =
0.009, indicating the result was significant. This supported our hypothesis that EMP would

increase trust over gesture. Figure 6.3 shows the results as a box plot.

6.2.2 RQ 2: Entitativity and EMP

For the three entitativity questions we first calculated Cronbach’s Alpha, which gave a
result of 0.88, indicating high internal reliability across the questions. For gestures alone
the results were (mean = 4.241, std = 1.699), the single voice (mean = 4.490, std = 1.667)
and multiple robots (mean = 3.601, std = 1.706). A one-way ANOVA gave a p-value of
0.022 indicating the results was significant. Additionally the multiple voices had an effect
size calculated with Cohen’s D of 0.45, indicating a medium effect size. This supported
our hypothesis that subtle variations in voice would increase the entitativity of the group.

Figure 6.4 shows a box plot of the results.

106



Entitativity

0.9

0.8

0.7

0.6

0.5

1 2 3 4 5 6
Entitativity

Entitativity

4 5 6
Entitativity

Figure 6.5: Linear Regression comparing entitativity with HRI Metrics

6.2.3 RQ 3: Entitativity and HRI Metrics

For research question 3 we fit a linear regression model for each metric with entitativity.

Table 6.1 shows the slope, intercept, r, p and error for each metric. Each metric tested had

a positive slope, with higher levels of entitativity correlating with higher ratings. This did

not support our hypothesis, as we had expected the opposite to occur across every metric.

Table 6.1: Linear Regression Statistics

Slope Intercept r p Error

Willingness 0.294 3.64 0.286 p<.001 0.081
Intelligence 0.138 279 029 p<.001 0.037
Trust 0.025 0.567 031 p<.001 0.006
Likeability 0.075 3313 0.162 0.046 0.037
Confidence 0.308 2.888 0.327 p<.001 0.073
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6.3 Discussion

6.3.1 RQ 1: HRI Metrics

We found that embedding EMP to accompany co-bot arms gestures improved human’s
trust and likeability for these robots with significant results. Since in previous work, EMP
improved trust and likeability in individual robots, it was expected that the improvements
would carry across to groups. These metrics supports one of the core principles behind
the use of EMP in robots, namely that by increasing a robot’s presence as an engaging
emotional agent, human’s will trust it and like to interact with it more. Since these results
occurred for both versions of EMP, we propose that these metrics are relatively robust to
variations in timbre and EMP.

In previous chapters, embedding EMP in robotic actions has been shown to increase
perceived intelligence for individual robots. However in those studies the interactions were
more social in nature, either with a social robot or a collaborative pattern recognition task
with the arm. In our current experiment, where the robot was expected to perform a task
( moving rings and placing them in a box) we propose that the successful performance by
the robot was more influential on users’ perception of its intelligence than external factors
such as EMP.

Our initial hypothesis that willingness and confidence would be improved with EMP
was not supported. In past work the effect of EMP has not yet been used on individual
robots for these two factors. It is not clear from this study whether EMP can influence

these metrics which requires future study.

6.3.2 RQ 2: Entitativity and EMP

Our results for research question 2 indicated that multiple voices did lower entitativity,
increasing the perception of the group of robots as individual agents. This increase was

achieved with only subtle variations, that could be easily achieved in real-time and scaled

108



to many robots. We did not predict that having a single voice would increase entitativity
however, as believed the gestures alone would appear as a group and single EMP would
maintain this level. This reflected our original belief that entitativity would be relatively
insusceptible to being increased amongst robots that already look and move in an identical
manner. This finding has future implications for the possibility of audio design to not only
reduce entitativity as per our original goal, but also the possibility of raising the level of

entitativity.

6.3.3 RQ 3: Entitativity and HRI Metrics

A key finding in this study was the relation between entitativity and common HRI metrics.
Our findings differ from those of related work on robots and groups [68]. This correlation
between higher entitativity and each metric occurred across all groups independently, with
gestures, single voice and multiple voice all showing the same relationship. We believe ex-
tensive future research should be undertaken to establish more completely the relationship
between entitativity and groups of robots. We suggest that a possible explanation may be
that with each robot performing the same task, participants may generally prefer interacting
with the robot when perceived as a single agent, rather than having to engage with multiple
agents. Multiple robots performing a similar task could give a perception that the robots
are uniting towards a common goal. This would give participants a more positive impres-
sion that the robots are likeable and cooperative. This explanation would match Hamilton’s
studies on human groups that outsiders are more likely to engage with groups that have a

higher entitativity [246].

6.3.4 Sound for Functionality

The majority of subjects text responses ranged from one to four sentences, and generally
did not show much variation between groups. One standout comment was that 8 partic-

ipants from both EMP groups commented that they were not sure what the purpose of
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the sounds was. One participant noted: “I thought the singing was interesting but I don’t
see how that relates to the task success of the robot”. Despite recognizing that the audio
was not functional in the clip, this participant’s ratings were well above the mean for each
category, and we saw no reduction in ratings for any participant who noted there was no
functional purpose. Nevertheless, we believe there is significant possibilities in considering
the different applications of functional compared to non-functional or auxiliary sound and

understanding how that impacts individual as well as groups of robots.

6.3.5 Limitations

This study was performed online using pre-recorded videos instead of live interaction or
video watching in person. We believe that for this experiment this was an acceptable ex-
perimental design as ultimately our analysis focused on external viewing and analyzing a
group of robots. Multiple past papers have shown no significant variation in results when a
participant is watching a robot on video compared to in person [200, 201]. We also believe
the use of MTurk and Prolific has some advantages over in person studies, allowing us a
far larger and more diverse participant pool than possible in person. It has also been shown
that compared to university pools, MTurk participants are more careful [252]. When com-
bined with our multiple point attention check we are confident that our results would be
replicated in person.

We chose to use an industrial arm as they are commonly used in group manufacturing
settings. In future studies we are interested in researching how the impact of EMP on
robotic groups varies between platforms such as social or humanoid robots. Likewise,
we only compared EMP to no audio, and in the future expect to compare different audio

conditions.
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6.4 Conclusion

In this chapter we were able to show with significant results, that EMP improves likeability
and trust when used in a group of three industrial robots. We also showed that variations
in EMP can lead to lower levels of entitativity, however a single voice can raise the level
of entitativity. Our results analyzing the correlation between entitativity and other HRI
metrics suggest a wide-range of future research to understand the wider impact entitativity

has on collaborative robots.
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CHAPTER 7
CONCLUSION

In this dissertation, we have presented a new method for human-robot communication built
on emotional musical prosody (EMP). In this final chapter, a summary of the results and
contributions is presented, followed by potential future directions and final remarks. Figure
7.1 displays an overview of the dissertation structure. After first developing the dataset and
EMP generator, we next studied the applications across multiple platforms. We showed
significant results for the social robot, robot musician and industrial arm, consistently im-
proving trust and likeability. We then focused on the robotic arm, due to its widespread
adoption and our belief that EMP can most improve issues arising from the habitability
gap in this platform. This was followed by the development of personality interactions, to
explore a framework for robots to autonomously use emotion in their interactions. Finally,

we explored how EMP could function in a group of robotic arms.

7.1 Research Questions and Contributions

We found significant results for each research question. Table 7 shows an overview of the
robotic platforms used. The table also includes the metrics studied, the type of interac-
tion analyzed, what audio and gestures were compared, the significant results, and broad

findings.

7.1.1 EMP Generation and Dataset Collection

RQ 1: How can a data driven, EMP system generate musical phrases that can be labelled
by listeners?
After creating a new dataset, the EMP generative system was able to generate new

phrases in real-time for robot interaction. The generated EMP phrases were labelled by
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Figure 7.1: Dissertation Structure

humans with an accuracy similar to that of the original EMP dataset. This research question
enabled two primary contributions, firstly the creation of the dataset itself. This dataset not
only enabled the creation of the generative system, but also showed the validity of computer
and human understanding of emotion in musical prosody. The second contribution was the
development of a new model for EMP generation, demonstrating a use case for a CVAE in

generating classifiable musical emotions.
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7.1.2 EMP, Trust and HRI Metrics

RQ 2: How can EMP alter the level of likeability, perceived intelligence and trust in social,
industrial, humanoid and musical robots?

We were able to demonstrate improvement in multiple metrics, across each platform
except humanoid robots. Table 7 shows a full summary of results. Overall this research
question confirmed our novel approach of building trust using EMP to communicate with
human collaborators. We were able to confirm our hypothesis that by avoiding the un-
canny valley and habitability gap we could improve metrics such as trust and likeability.
Other key takeaways from this research question include that EMP did not reduce ratings
for intelligence when compared to speech, not only suggesting the validity of EMP as an

approach but also indicating that intelligence is not tied to speech in robotics.

7.1.3 Personality Preferences

RQ 3: Does a person’s level of neuroticism and extraversion affect their ratings of different
emotional responses portrayed through EMP?

In this research question we developed new knowledge about humans’ preference for
robotic emotional response based on personality, based on neuroticism and extraversion
traits. The use of personality in this dissertation presents some early steps towards lever-
aging personality for interaction. We believe this presents previously unexplored options
for research in robot customization, based on human personality type. This can lead to
implication not only in embedding audio features in robots as described in this paper, but
also consideration of all areas of robotic design. By embedding personality traits in robots
through design variations we believe robotics can be better developed for specific interac-
tions and human experiences. Finally, we believe this research outlines the need for further

consideration and research of personality traits and their links to human robot interaction.
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7.1.4  Group Interaction

RQ 4: How can EMP be leveraged in a group of three identical robots and one human
participant, to reduce entitativity while

We were able to show that by using EMP in a group interaction we were able to im-
prove likeability and trust. Through subtle variations in timbre we were also able to reduce
the level of entitativity. Finally, our results indicate a complex relationship between en-
titativity and common HRI metrics with higher levels of entitativity leading to improved

performance, contradicting past literature.

7.1.5 Music Technology

In addition to the core findings from each research question, this dissertation also presents
significant contributions to music technology. We believe firstly that with extra study the
newly developed dataset of EMP can provide new knowledge about the use of and portrayal
of emotion in music, as well as providing many future opportunities for both musicological
and machine learning research. This work also shows the potential for sound to drastically
alter the perception of technology, potentially informing the design of digital musical in-
struments. Most importantly this work demonstrates how creative and music technology

driven approaches can further permeate and inform the future of technology.

7.2 Future Work

7.2.1 Long-term Studies

Like many HRI applications our experiments only occurred over a small time frame and
did not consider long-term implications of the system [253]. The use of EMP has not yet
been studied in long-term applications, but may have different use cases and would require
additional changes in the implementation. One participant from the group and entitativity

study commented on the time scale, describing: “I really like it in the short term but I
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feel like I’d get tired of it if I had to listen all day long”. In the future we are interested
in applying EMP to longer form interactions in person and considering how EMP can be

adjusted for use not across many sessions.

7.2.2 Audio in HRI

We believe this work indicates the importance of audio design in robotics, and the impact
that robotic audio can have on human perception. Through changing audio alone and not
relying on default audio methods such as speech, we were able to drastically change the
perception of a robotic system. While we have shown EMP as particularly effective at
improving a range of metrics, this is just one of the many possible approaches that could

be developed with more careful future audio design for human-robot interaction

7.3 Final Remarks

At the core of this research is the development of the vastly under-explored potential for
musical approaches to drive interaction with artificial intelligence and robotics. We were
able to demonstrate that through an implementation of EMP we could show significant
improvement in a range of metrics for robot interaction. As we have shown throughout the
dissertation, EMP as an audio technique is uniquely positioned to leverage the advantages

of musical and human communication for improved human-robot interaction.
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Table 7.1: Summary of Dissertation Findings
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