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Abstract

It is becoming a reality for humans to interact with robots in daily life. Conversational robots
are expected to be involved in human society in a symbiotic manner by playing a specific
social role. The goal of this study is to realize natural and smooth dialogue between humans
and robots. To this end, the robots need to understand a variety of information such as the
interaction state during the dialogue. This understanding requires making use of not only
linguistic information such as utterance content but also non-linguistic information that can
be captured from multimodal sensors such as backchannels and eye gaze. Understanding the
states leads to the generation of adaptive behaviors of the robots, which increases the quality
of the user experience through the dialogue.

As one of the interaction states in human-robot dialogue, this thesis focuses on engage-
ment that represents how much a user is interested in and willing to continue the current
dialogue. Engagement is also related to other concepts such as involvement and rapport.
Therefore, for conversational robots, engagement provides a cue to adaptively manage the
dialogue with users. This thesis addresses engagement recognition based on multimodal
listener behaviors such as backchannels, laughing, head nodding, and eye gaze. In this
study, the problem of subjectivity on the perception of engagement is tackled. There is
often disagreement on engagement labels among annotators due to the subjectivity of the
annotation task. Novel engagement recognition models are introduced by taking into account
the difference among the annotators.

Chapter 1 describes the background of this thesis in the context of spoken dialogue
systems and human-robot interaction in order to clarify problems and approaches. Chapter 2
briefly reviews related works on engagement including its definitions, recognition methods,
and adaptive behavior generation.

In Chapter 3, a hierarchical Bayesian model for engagement recognition is proposed. It
is assumed that each annotator has a character that affects his/her perception of engagement.
This character is modeled as latent variables. The proposed method estimates parameters
for the engagement label and the character of each annotator from the training data. Thus, it
can recognize each annotator’s label precisely by considering the corresponding character.



Experimental results show that the proposed method achieved a higher recognition accuracy
than other methods which do not consider the character such as majority voting.

Chapter 4 addresses automatic detection of the listener behaviors to realize real-time
engagement recognition for live spoken dialogue systems. Backchannels and laughing
are detected from the audio signal using bi-directional long short-term memory (LSTM)
with connectionist temporal classification (BLSTM-CTC). Head nodding and eye gaze are
detected from the head direction captured by the Kinect v2 sensor using LSTM and a heuristic
rule, respectively. The outputs of the detection models are integrated as the input to the
engagement recognition model in a statistical framework. Online engagement recognition is
achieved without degrading accuracy.

Chapter 5 addresses an engagement recognition model using neural networks. The
proposed neural network consists of two layers to consider both different annotators’ labels
and an integrated label. The first layer corresponds to each annotator’s model that is trained
with the corresponding labels independently. The second layer aggregates the different
annotators’ models to obtain one integrated label. After each layer is pre-trained, the whole
network is fine-tuned through back-propagation of prediction errors. Experimental results
show that the proposed network outperforms baseline models that directly recognize the
integrated label without considering different annotations.

Chapter 6 addresses application of the engagement recognition to the android robot
ERICA. ERICA has a physical mechanism to generate various behaviors such as facial
expression and eye gaze, which leads to natural dialogue. ERICA is also designed to interact
with users autonomously by using multimodal sensors. ERICA is given specific social roles
such as attentive listening, job interview, speed dating, and laboratory guide. In the role of
the laboratory guide, ERICA generates adaptive feedbacks toward the user according to the
user engagement.

In Chapter 7, toward multi-party conversations, multimodal speaker diarization using
both acoustic and eye-gaze information is proposed. Eye-gaze information plays an important
role in turn-taking. Thus, it is also useful for predicting speech activity. The proposed method
integrates a variety of eye-gaze features with acoustic information stochastically. Experiments
in poster conversations show that eye-gaze information contributes to the improvement of
diarization accuracy under noisy environments, and its weight is automatically determined
according to the level of surrounding noise.

Finally, this thesis is concluded with future directions in Chapter 8.
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Chapter 1
Introduction

It is becoming a reality for humans to interact with robots in daily lives. Towards the
symbiotic society between humans and robots, this thesis addresses engagement recognition

for human-robot dialogue.

1.1 Background

Many conversational robots have been developed by researchers and companies, especially
over the past decade. It is no longer unusual that robots are being deployed to have conver-
sations with humans in real social occasions. The robots are designed to play social roles
in our society by creating a social bond between the robots and humans. In the future, it is
expected that the conversational robots will be more involved in human society in a symbiotic
manner. To this end, the communication between the robots and humans is expected to be
more smooth and natural.

In the symbiotic society of the robots and humans, spoken dialogue is an important
interface between them. Human language technologies, such as automatic speech recog-
nition (ASR) and natural language understanding (NLU), have been drastically advanced
by machine learning techniques such as deep learning [1-9]. It has allowed researchers to
develop various application systems that communicate with people by utilizing the spoken
language. Besides conversational robots, other typical applications are smartphone applica-
tions and smart speakers. These systems provide not only web search but also many tasks by
coordinating with third-party applications. Furthermore, the systems can also handle simple
chatting to make the users more engaged in the interaction with the systems.

However, interaction with the systems, including conversational robots, is machine-
specific and is based on the simple exchange that consists of one question and one answer.

Users adapt their utterances and behaviors to make them more recognizable and understand-
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able for the systems. For example, the users speak simple commands slowly and politely.
For turn-taking, the systems assume that the users say a keyword to start the interaction, and
the systems then use explicit signals such as lighting in order to express that the systems
understand the users’ initiation. This is much different from human-human conversations
which are more natural and smooth. It is important for the systems to be more user-friendly
and to behave like human beings to be more integrated into our daily lives. In this thesis, the
ultimate goal is to realize the natural interaction between humans and robots, like that of

human-human conversation.

1.2 Spoken Dialogue Technology

Spoken dialogue systems have been investigated for several decades. The origin of works on
dialogue systems can be traced to ELIZA [10] and SHRDLU [11]. ELIZA played the role
of a psychotherapist by having text chatting implemented by simple database retrieval and
keyword rephrasing. SHRDLU handled the text command by natural language understanding
based on the state of the blocks, which means that it made use of context of the dialogue.
Following studies have proposed and implemented various functions for dialogue systems,
such as frame [12] and planning [13—15] for flexible handling of the user input and the
context of the dialogue. Several concepts were proposed such as theory of grounding for
handling the error of automatic speech recognition [16—18]. Several architectures were
also investigated such as blackboard [19] and hub-spoke structure [20, 21] to manage the
communication between modules including automatic speech recognition and the dialogue
manager. Afterwards, many practical systems have been developed. These systems were
designed for task-oriented dialogues such as bus navigation and flight booking. For the last
decade, statistical approaches were introduced such as partially observed Markov decision
process (POMDP) [22] and RNNs [23]. Non-task-oriented dialogues like casual chatting has
also been investigated [24-26]. Recently, attention has turned to text generation based on
sequence-to-sequence learning with a large amount of conversational data extracted from
such as social networking services [27-29].

Spoken dialogue systems have also been studied from the perspective of multimodal.
Making use of multimodal features is helpful for a more precise understanding of the
users. Using gesture and body-pose features improved the accuracy of utterance intention
understanding such as dialogue act classification [30]. Emotion recognition has also been
enhanced by using multimodal features [31-35]. It has also been found that eye-gaze
and body movement features were informative for prediction of turn-taking behaviors [36—

39]. On the other hand, how to generate multimodal behaviors of systems has also been
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studied [40, 41]. The generation of multimodal behaviors is also important to interact with
users smoothly and cooperatively. Toward natural human-robot interaction in social occasions,
this thesis focuses on making use of multimodal behaviors for better user understanding.

1.3 Human-Robot Dialogue

Conversational robots have been widely studied and developed. Although conventional
robots communicate with humans through simple commands in specific protocols, it is
essential for conversational robots to interact with humans in natural language. Therefore,
spoken dialogue is the inevitable interface for the communication robots. On the other
hand, for spoken dialogue systems, the advantage of making use of robots is to be able
to utilize multimodality. The robots can coordinately generate their multimodal behaviors
in accordance with user behaviors. Furthermore, it is possible to refer to and operate on
objects in the real world by such as symbol grounding [42—44]. Another notable thing
is that the co-existence of robots in the real world makes human dialogue partners more
engaged in the dialogue. Therefore, the human-robot dialogue has a potential to realize
natural communication that is close to human-human dialogue.

The studies of human-robot dialogue were inspired by the development of intelligent
robots. The origin of intelligent robots was Shakey [45], which was equipped with various
sensors for recognition of the surrounding environment by moving itself. Afterwards,
researchers started to investigate humanoid robots that imitated the shapes and features of
humans. Kismet [46, 47] had a mechanical face that imitated the human face in order to
generate facial expression and eye-gaze behaviors. COG [48] was a humanoid robot that was
able to operate its own arms, neck, and torso. SIG [49] was designed to integrate audio and
visual information for active audio-scene understanding that consists of tasks such as sound
localization and sound source separation. Robovie [50] was directed for communication with
humans in real environments by utilizing various sensors such as a microphone, color camera,
omnidirectional camera, touch sensor, and an ultrasonic distance sensor. As the intermediate
system between a robot and a virtual agent, Furhat [51, 52] has a virtual face projected on the
real object shaped of a head in order to generate a variety of facial expressions and eye-gaze
behaviors. In the context of the above intelligent robots, an android robot, name ERICA, that
has an appearance similar to human beings has been developed. Fig 1.1 shows the snapshot
of the android robot ERICA. ERICA is designed as a 23 year old woman. ERICA has 46
active joints inside its body to generate various behaviors such as facial expressions, eye
gaze, head nodding, and arm gestures. For understanding the surrounding environment and

the conversational behaviors including users’ utterances, the system of ERICA integrates
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Fig. 1.1 Android robot ERICA

information from sensors such as microphone arrays and cameras that are deployed around
the robot. Therefore, conversation with ERICA is aimed to be more natural through various
expressions and behaviors and a deep understanding of the conversation and user state.

Conversational robots have been studied in specific dialogue situations. A role of a
museum guide was given to a robot to be operated in the long-term period [53]. A conversa-
tional robot was designed for a navigation guide in a real environment such as a shopping
mall [54]. Other robots that attended to multi-party conversations were developed [55-59].
Small humanoid robots were implemented to handle open-domain conversation consisting of
a wide range of topics [60—62]. The Furhat robot was applied to a map instruction task [63]
and quiz games [64, 65]. Interactive agents were implemented as a counselor [66], a museum
guide [67], and a job interviewer [68—70]. It is expected that conversational robots are
deployed to a diversity of situations.

This thesis addresses the human-robot dialogue with the android robot ERICA. The goal
of this study is to realize natural human-robot dialogue with ERICA like human-human
dialogue. However, it is challenging to implement it from scratch without any preconditions.
Therefore, specific dialogue situations are assumed for ERICA. In this study, dialogue
tasks for ERICA are considered by taking into account the balance between listening and
speaking roles. This thesis addresses several social roles: attentive listening, speed dating,
job interview, and laboratory guide.
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Fig. 1.2 Information which conversational robots should understand during the dialogue

1.4 Dialogue Understanding from Multimodal Behaviors

It is important for conversational robots to realize natural dialogue with humans that is
close to those of human-human dialogue. For natural dialogue which is deep and long,
the robots need to correctly recognize and understand a variety of information during the
dialogue. Furthermore, the robots are expected to generate adaptive behaviors according to
the understood information. Fig. 1.2 summarizes the information which the robots should
understand during the dialogue. Conventional dialogue systems take linguistic information
such as the ASR result. Then, the systems understand the input on the surface level such as
the dialogue act and the utterance intention. Finally, the systems generate robot behaviors
such as the utterance content based on the surface understanding. Moreover, the ideal
conversational robots should use a variety of input. The input information includes not only
linguistic features but also para-linguistic information such as prosody of user utterances.
The input also includes non-linguistic information such as backchannels, laughing, head
nodding, eye gaze, and so on. Based on the variety of input, the robots should understand
more states of the dialogue. The understood states can be classified into two types: internal
user states and interaction states.

The internal user states include emotion [71-73], interest [74, 75], willingness [76], and

personality [77, 78]. Although it is important for the conversational robots to recognize these
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internal states, it is difficult to know the real states of them during the dialogue. As the first
step to realize social interaction, instead of the internal user states, it is also important for the
robots to recognize the interaction states that describe the relationship between the robots
and users. They are affected by not only the internal user states mentioned above but also
social norms and dialogue situations. This thesis focuses on recognition of the interaction
states. The interaction states include such phenomena as engagement, entrainment, ice-
breaking, and rapport. Engagement represents the process by which dialogue participants
establish, maintain, and end their perceived connection to one another [79]. Entrainment is a
phenomenon where a dialogue participant adapts his/her behaviors to those of the dialogue
partner [80—83]. Ice-breaking is a phenomenon in which dialogue participants ease the
tension and become more friendly where they meet for the first time [84, 85]. Rapport is a
close and harmonious relationship between participants and is more considered in long-term
interactions [86—89].

The robots are expected to adaptively generate a variety of behaviors according to the
understood states. The robot behaviors should contain not only the utterance content but also
non-linguistic behaviors such as backchannels, fillers, laughing, head nodding, and eye gaze.
Behind these explicit behaviors, the dialogue strategy should also be controlled according to
the understood states. The strategy manages turn-taking, the dialogue topic, and the intention
and desire of the robots. These adaptive behaviors are needed for realizing the natural and

smooth interaction.

1.5 Challenges and Approaches

This thesis addresses engagement as one of the interaction states. Engagement has been
massively studied in the research field of human-robot interaction. Engagement provides
an indication of how much a user wants to start (or continue) the interaction with a robot.
In the case of spoken dialogue systems, it is assumed that users are almost engaged in the
dialogue because the interaction is limited to simple and short. Therefore, it is not needed to
recognize engagement of the users. However, to deal with deep and long interaction, it would
be important for spoken dialogue systems to recognize engagement during the dialogue.

It is expected that conversational robots can dynamically adapt their behaviors according
to engagement, and increases the quality of the user experience through the dialogue. For
example, some studies have made made to control turn-taking behaviors [90], dialogue
topics [91, 92], and utterance style [93] based on automatically recognized engagement.
Furthermore, engagement can be utilized as an evaluation metric for dialogue. The dialogue

task is sometimes not evident in natural human-human dialogue so it is difficult to evaluate the
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Fig. 1.3 Scheme of engagement recognition

dialogue. In this case, the evaluation of dialogue tends to be subjective. For example, studies
on non-task oriented dialogue such as casual chatting used evaluation metrics including
the length of dialogue, linguistic appropriateness, and human judgment. However, there
is still no clear metric to evaluate this kind of dialogue. The measurement of engagement
can be used for the evaluation of this kind of dialogue, thus dialogue models can be trained
according to the maximization of engagement.

This thesis addresses engagement recognition based on multimodal listener behaviors
such as backchannels and eye gaze. Engagement is an interaction state that depends on both
dialogue participants including a speaker and a listener. Therefore, methods of engagement
recognition should focus on not only speaker behaviors but also listener behaviors that are
responses towards the speaker. Although the speaker behaviors would be informative for
engagement recognition, these are affected by the error of automatic speech recognition,
and the linguistic features depend on the dialogue domain. On the other hand, the listener
behaviors are expected to be robust against linguistic errors. Fig. 1.3 depicts the scheme of
engagement recognition in this study. At first, listener behaviors are detected from signals of
multimodal sensors. The behaviors consist of backchannels, laughing, head nodding, and eye
gaze. Detection of backchannels and laughing is based on audio signals, and head nodding
and eye gaze are detected from image signals captured by the Kinect v2 sensor. Since a
training data set is needed for machine learning, the annotation work is conducted to obtain
reference labels by recruiting manual workers (called annotators). The listener behaviors
can be defined objectively so that the consistency in the annotation work is kept and there
are few disagreements among the annotators. Accordingly, it is not challenging to collect
a large amount of training data. Machine learning models such as deep learning methods
can be applied to this problem in order to realize enough accuracy [94]. Afterward, the
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level of engagement is recognized according to the observations of the listener behaviors.
However, the perception of engagement is subjective and tends to depend on each annotator.
It is difficult to keep consistency between annotators. It is possible to give a description of the
sample cases indicating the level of engagement to annotators, and it can also be restricted
which kinds of behaviors or modalities the annotators focus on during the annotation work.
Nevertheless, low agreement scores among annotators are still observed. This poses a
difficulty of annotation of engagement. Consequently, it is also difficult to collect a large
amount of training data.

This thesis tackles the issue caused by the subjectivity of engagement to realize a robust
recognition model. In order to obtain the engagement labels, one possible way is to ask dia-
logue participants to evaluate their own engagement right after the dialogue. However, there
is often evaluators’ bias where they tend to evaluate themselves positively [95]. Therefore,
other studies have asked third-party annotators to give labels of engagement by watching
the dialogue video. As mentioned, a disagreement on engagement labels among annotators
is often observed. To deal with this issue, other studies integrated the different engagement
labels into one label. The most widely used approach was majority voting [96]. Another
approach was to use the ratio of the number of annotators who gave the corresponding
label [97]. For example, if three of five annotators gave the positive label (e.g. engaged),
a regression model was trained to predict a value of 0.6 (=3/5). This study considers a
different approach that focuses on the difference of annotators. A scheme of engagement
recognition that models the difference of annotators is proposed. Here, it is hypothesized that
the difference among annotators arises from the difference of the character (e.g., personality)
of annotators. Each annotator has a character that affects his/her perception of engagement.
The character represents not only the difference but also common points among annotators.
The proposed model estimates the distribution of the character of each annotator. Based on
each annotator’s character, the engagement label of each annotator is recognized. In other
words, different annotators’ perceptions can be simulated. Since the character represents the
relationship between annotators, a small amount of training data can be effectively used. An
engagement recognition model is proposed to introduce the character as latent variables. The
proposed model estimates the distribution of the engagement label by considering the corre-
sponding characters. The proposed approach makes a contribution to studies on recognition
tasks containing subjectivity such as emotion recognition in that the proposed model takes
into account the difference of annotators. Furthermore, this thesis argue automatic detection
models of the input listener behaviors. Machine learning approaches have shown to be
accurate enough for these detection tasks. A deep learning method is utilized to conduct the

model training without exact time alignment in the training data. Finally, online engagement
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Fig. 1.4 Organization of this thesis

recognition is realized by integrating the automatic detection models of listener behaviors
with the engagement recognition model. It is important for live spoken dialogue systems to
implement a real-time engagement system. There is also an issue of how to generate actions
and behaviors of robots based on the result of engagement recognition. In this thesis, as one
of the applications for the android robot ERICA, feedback responses are generated according
to the result of engagement recognition. These feedback responses are aimed at increasing

user engagement during the dialogue.

1.6 Organization of this Thesis

The rest of this thesis is organized as follows. At first, Chapter 2 overviews related works.
The definitions of engagement, engagement recognition models in previous studies, and some
attempts on how to generate adaptive behaviors of systems according to engagement are
introduced. Then, engagement recognition models for human-robot dialogue are proposed in
the following chapters. Fig. 1.4 summarizes the organization of this thesis. In Chapter 3, a
hierarchical Bayesian model is proposed to estimate the character as latent variables. This
chapter also describes the human-robot dialogue corpus used in this thesis and how to annotate
engagement. Chapter 4 addresses automatic detection models of the listener behaviors. Then,
the detection models are integrated with the engagement recognition model in order to
realize online engagement recognition fro live spoken dialogue systems. Chapter 5 addresses
another engagement recognition model with a neural network. A two-step engagement
recognition with a neural network that consists of two layers is proposed. In the first step,
each annotator’s recognition is modeled as a unit in the intermediate layer. In the second
step, the different annotators’ models are aggregated to recognize the integrated label in the
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output layer. This chapter also addresses an efficient method that trains both each annotator’s
label and the integrated label by using the advantage of neural networks. In Chapter 6, as
an application of engagement recognition, the real-time engagement recognition model is
applied to a spoken dialogue system of the android robot ERICA. Several social roles given
to ERICA are explained. As one of the social roles, a spoken dialogue system is implemented
for a laboratory guide that utilizes engagement recognition. Chapter 7 addresses speaker
diarization toward multi-party party conversations. A multimodal speaker diarization method
is proposed by integrating acoustic and eye-gaze information. Finally, Chapter 8 concludes

with future directions of human-robot dialogue with engagement recognition.



Chapter 2
Literature Review

This chapter overviews related works on engagement recognition in dialogue. At first, several
definitions of engagement are presented. Next, previous studies on engagement recognition
are reviewed. Finally, conventional systems to generate system behaviors according to user

engagement are introduced.

2.1 Definition of Engagement

The origin of engagement studies was a sociology study by Erving Goffman [98]. He defined

engagement through an observation and an analysis on real communication as

Joining each other openly in maintaining a single focus of cognitive and visual

attention

This definition is still used in some recent studies on human-robot interaction [99, 100]. Then,
many studies have been made and there exists a variety of definitions of engagement [91].
Engagement was defined in the context of the communication process such as

The process by which two (or more) participants establish, maintain, and end
their perceived connection. This process includes: initial contact, negotiating a
collaboration, checking that other is still taking part in interaction, evaluating

staying involved, and deciding when to end connection. [79]

This definition was frequently used [97, 101, 102]. Another definition on the communication

process was

The process subsuming the joint, coordinated activities by which participants ini-

tiate, maintain, join, abandon, suspend, resume or terminate an interaction [103]
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In human-human conversations, a definition was made by focusing on each dialogue partici-

pant as

The value that a participant in an interaction attributes to the goal of being
together with the other participant(s) and of continuing the interaction [104].

In studies on human-agent interaction or human-robot interaction, many definitions were
made. The definitions focused on the user state during the current dialogue so that those

were called user engagement. A frequently used definition was

User engagement describes how much a participant is interested in and attentive

to a conversation [105]
Another definition was based on a description of user experience as

Quality of user experience characterized by attributes of challenge, positive
affect, endurability, aesthetic and sensory appeal, attention, feedback, vari-

ety/novelty, interactivity, and perceived user control [106]

Engagement can also be defined by referring to other concepts. The most related concept

is interest during the dialogue. Engagement was defined in the relationship of interest as
User’s interest to continue the conversation [92]

Note that the static interest that corresponds to the fixed profile of each participant is
distinguished from engagement. For example, even if a user is not interested in the current
topic, there is a possibility that the user is engaged in the dialogue. Involvement is a concept
that represents the process when a participant attends to the conversation and is closely
related to engagement [107]. A definition of engagement referring to involvement was made

as
The degree of involvement a user chooses to have with a system over time [108]

User’s willingness is also a proxy of engagement. A definition of engagement was made by

using willingness for the situation on turn-taking as

Engagement intention refers to a participant’s willingness to start/end a conver-

sation or to take over/release the conversational floor [90]
Empathy is also related to engagement and an extended definition was mentioned as

Empathic engagement is the fostering of emotional involvement intending to
create a coherent cognitive and emotional experience which results in empathic

relations between a user and a synthetic character [109]
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Attention to the robot leads to engagement when the user intends to start the dialogue. In
this sense, attention is a vital indicator of engagement [110]. Rapport is a description of the
relationship between a user and a system from the perspective of longer-term relationship. A
study on virtual agents confirmed that an existing of rapport between an agent and a user is
positively correlated to engagement [111].

Summary, in human-robot dialogue, the definitions of engagement can be classified into
two types as follows. The first type focuses on cues to start and end the dialogue. For
example, one of the tasks was to detect the potentially engaged person who wants to start
the conversation with a situated robot [112, 113]. If the robot correctly recognizes this
kind of engagement for each surrounding person, the robot can start the dialogue with the
engaged person. This leads to the smooth communication and avoid the false action of
the robot where the robot is ignored by the not-engaged person. The second type of the
definitions is about the quality of the interaction between the robot and a user during the
dialogue. For example, engagement can be interpreted as an indicator on how much the
user is being interested in the current dialogue. If the robot correctly recognizes this kind of
engagement for the current interlocutor, the robot can adaptively control the dialogue strategy
in accordance with engagement. Both types of definitions are important for human-robot
dialogue to accomplish a high quality of dialogue. This thesis focuses on the latter type of
definitions, so that the recognition model understands how the user is being engaged during
the dialogue. Furthermore, engagement can also be interpreted as the degree of agreement
that the dialogue participants start and continue the dialogue. This interpretation means
that engagement represents the superficial connection between the robots and users, but it
leads to realizing the social interaction between them. Besides, engagement is affected by
internal user states such as emotion and interest, and it is also influenced by social norms and

dialogue situations.

2.2 Engagement Recognition

A considerable number of studies have been made on engagement recognition over the last
decade. Engagement recognition has been generally formulated as a binary classification
problem: engaged or not (dis-engaged). A category classification problem was also pro-
posed [114]. For example, in the study on engagement in remote conversation, they defined
the category as a set of No interest, Following, Responding, Conversing (without active
discourse management), Influencing, and Governing/managing.

The useful features for engagement recognition have been investigated and identified

from a multimodal perspective. Non-linguistic behaviors are commonly used as the clue to
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Table 2.1 Previous studies on the investigation of effective features for engagement recogni-
tion

feature references
eye gaze [115,97,90, 116-118, 114, 96]
facial expression [115, 117]
head head direction [117]
head nodding [79, 96, 119]
voice activity [90]
backchannels [96]
. vocal laughing [120]
conversational adjacency pair [116]
turn length [90]
overlap timing [121]
body posture [122, 119]
trajectory [123]
spatial distance [90]
region space [124, 113]
low-level signal acoustic signal [105, 125, 76, 126]
image signal [126]

recognize engagement because verbal information like linguistic features is specific to the
dialogue domain and content, and speech recognition is error-prone. Table 2.1 summarizes
the feature set investigated in the previous studies.

A series of studies on human-agent/robot interaction has investigated the feature set
for engagement recognition. The most widely used feature was eye-gaze behaviors [115,
97, 90, 116-118]. For example, it is informative for engagement recognition if a user is
looking at the agent/robot and when both the user and the agent/robot are looking each other,
called mutual gaze. Facial expression (facial action units) is also useful for engagement
recognition [115, 117]. For example, positive smiling is an indicator that a user is engaged
in the current dialogue. Head direction is investigated as an effective feature [117]. Head
direction is often used as a proxy of eye-gaze direction. In order to track eye gaze, eye-
tracking systems requires the calibration process that takes much time on the occasion of
interaction. It is easier to track head direction than eye gaze. For example, making use of
depth cameras such as the Kinect v2 sensor does not require any calibration process. This
proxy is important for live conversational robots interacting with many people one after
another. In human-robot interaction, since a user and a robot interact in a real space, physical
information is also useful. For example, some studies used trajectory of the user, distance

between the user and the robot, and region spaces where the user is standing [124, 123, 90,
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113]. Conversational behaviors were also investigated. For example, voice activity and the
turn length are speaker behaviors and reflective of engagement [90]. Head nodding was
also examined as feedback towards the robot [79]. Besides, interaction behaviors were also
investigated including backchannels and an adjacency pair that is a set of utterances such
as a question and an answer [116]. Furthermore, the relationship between engagement and
timing of overlapping (interrupting) was examined [121]. The study also confirmed that
some interaction states including engagement and involvement were affected by the kind of
system utterance (cooperative or not). Other used features include vocal laughing [120] and
posture [122]. Empirical studies implemented engagement recognition modules utilizing
the above multimodal features. In a human-robot interaction, a guidance robot recognized
user engagement by measuring the above-mentioned multimodal features [90]. In a chatting
bot system, user engagement was recognized by detecting the facial action units and head
direction [117] with the Open FACE software [127].

Next, in human-human interaction, the effective features in dyadic conversations were
investigated. In this case, researchers focused on low-level signals such as acoustic and
image signals [105, 125, 76, 126]. Acoustic features include log voice power, fundamental
frequency (F0), and mel-frequency cepstrum coefficients (MFCC). Image features include
RGB raw data and local binary pattern [128], and so on. Furthermore, the study was extended
to multi-party conversations, showing that eye-gaze behaviors were also informative in
multi-party human-human dialogue[114, 96]. Verbal and visual backchannels (head nodding)
were also examined in an experiment on engagement recognition [96, 119]. Posture of each
participant was also investigated [119]. From the above, engagement is related to various
non-linguistic behaviors Since the non-linguistic behaviors are independent of dialogue
contents, these are expected to be robust for engagement recognition. Therefore, this thesis
focuses on non-linguistic listener behaviors such as backchannels, laughing, head nodding
and eye gaze.

The recognition models using the above multimodal features were initially based on
heuristic rules. That uses the pattern of eye gaze direction, head pose direction, and space
region [129, 107, 124]. These heuristic rules were robust, but it would take time to create
additional rules for more complicated behaviors. Afterward, studies on data collection and
annotation of engagement were made. This approach allowed us to train machine learning
models with the annotation data. The most frequently used method was support vector
machines (SVM) [90, 96, 119, 117]. Hidden Markov model (HMM) was used in handling
time-wise signals such as acoustic features [105]. Recently, convolutional neural networks
(CNN) was applied to engagement recognition [126]. Since the machine learning approach

makes it possible to automatically learn the complicated relationship between behaviors and
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engagement, this thesis also takes this approach. Concretely, a hierarchical Bayesian model
is used to utilize latent variables for the character modeling.

How to annotate engagement is also important. Since the perception of engagement
is subjective, it is difficult to define the annotation criteria objectively. Furthermore, there
exists an evaluator bias so that it is also difficult to ask dialogue participants to evaluate
self-engagement. In general, previous studies asked third-party annotators to evaluate user
engagement by watching dialogue videos. In this case, it is important for the annotation work
to keep consistency among annotators. Therefore, some studies trained a few annotators to
keep the consistency [114, 90, 126, 117]. However, in the case of annotating natural dialogue,
the annotation would become more complicated and challenging to be consistent among
annotators. Another approach is based on “wisdom of crowds” where many annotators were
recruited [97, 90, 96]. These studies integrated multiple labels given by many annotators into
one label by such as majority voting. This thesis takes the latter approach to collect many
labels without time-consuming training of annotators. In contrast to previous studies, the

proposed method takes into account the different views of the annotators.

2.3 Adaptive Behavior Generation According to Engage-

ment

It is also important for engagement studies to investigate how to generate system behaviors
after the system recognizes user engagement. Studies on the adaptive behavior generation
lead to clarifying the significance of engagement recognition. These generated behaviors
should be coordinated to the users.

System behaviors include turn-taking behaviors. Since turn-taking behaviors are reflective
of engagement, the system should control its own turn-taking behaviors according to user
engagement. In a human-robot dialogue, the robot was designed to control the turn-taking
behavior after the robot recognizes engagement of the user [90]. If the user was recognized
as engaged based on non-linguistic behaviors, the robot started the dialogue by proactive
calling from the robot. Besides, if the user was engaged during the dialogue, the robot gave
the conversational floor to the user because engaging of the user means that the user wants to
talk more. The relationship between turn-taking behaviors and engagement was investigated
in detail [130]. The analysis indicated that if a participant was engaged, the duration of the
participant’s turn became longer than the case of not engaged. Furthermore, the frequency of
backchannels given by the corresponding interlocutor was also higher. These results suggest

that a person tends to hold the conversational floor when the person is engaged, and also that
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the interlocutor acknowledges that the willingness of the person by verbal backchannels. It is
desired that turn-taking models adopt the viewpoint of user engagement to realize smooth
turn-taking.

Adaptive system actions in accordance with engagement were also investigated. Topic
selection based on user engagement was proposed [131]. The system was designed to
predict user engagement on each topic, and select the next topic that maximizes both user
engagement and the system’s preference. A chatbot system was implemented to select
a dialogue module according to user engagement [92]. For example, when the user was
not engaged in the conversation, the system switched the current dialogue module into
another. The system also had a function that refers back to a previously engaged topic.
Subject experiments revealed that the perceived appropriateness of the system utterance were
improved by considering user engagement. Another chatting system was implemented to
react to user disengagement [117]. In an interview dialogue, when the user (interviewee)
was disengaged, the system gave positive feedbacks to elicit more self-disclosure from the
user. A subject experiment showed that self-reported engagement and user experience were
improved by the positive feedbacks. It was also reported that a size of the vocabulary of
the user was increased in the condition with the positive feedbacks. Another research [93]
investigated how to handle user engagement in a human-robot interaction where the user had
a main task and the robot sometimes interrupt by chatting. The main task was data input by
personal computers. At first, they defined engagement states by eye gaze behaviors and verbal
backchannels. They also extracted action patterns according to the engagement states from
human-human dialogue. Based on the observation, they implemented two kinds of system
actions: explicit and implicit. The explicit action means that the robot explicitly interrupts the
user by saying “Are you listening?”’ 1t is expected that the explicit system utterance would be
more noticeable for the user. On the other hand, the implicit action contains inserting fillers
between system utterances to gain attention from the user. It is expected that the implicit
action is more natural and does not annoy the user. A subject experiment showed that the
explicit action increased perceived annoyance, controlling, and aggression of the robot. On
the other hand, the implicit action increased consideration, appropriateness, and politeness of
the robot. These results suggest that conversational robots should take the implicit strategy,

for cooperation with the user.






Chapter 3

Engagement Recognition based on
Multimodal Behaviors

This chapter addresses an engagement recognition method based on multimodal listener
behaviors. The method is formulated as a latent variable model to consider the subjectivity
of the annotation of engagement.

3.1 Introduction

Engagement recognition has been widely studied for human-robot interaction and spoken
dialogue systems. The used features were based on non-linguistic information such as
backchannels and eye-gaze behaviors. To realize engagement recognition, it is necessary to
collect reference labels of engagement. However, it is unrealistic to ask dialogue participants
to evaluate their own engagement due to time constraint. Furthermore, there is an evaluation
bias where people tend to evaluate their engagement positively. In general, it is common
to ask third-party people, called annotators, to annotate the engagement by independently
watching dialogue videos. Although annotation criteria are carefully considered and given
to the annotators, disagreement among annotators are observed because the perception of
engagement is subjective. Previous studies dealt with this problem by integrating the different
labels by such majority voting [97, 96]. This chapter aims to recognize each annotator’s label
instead of recognizing the integrated label as depicted in Fig. 3.1. There are two ways to
use the result of engagement recognition. The first way is to use the integrated label, which
means that a dialogue system uses a common perception of engagement. Another way is
to use a specific engagement label corresponding to one annotator, which means that the
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dialogue system imitates the annotator’s perception. An engagement recognition model is
proposed for the latter use.

To recognize each annotator’s label, this chapter addresses modeling of each annotator’s
perception of engagement. A recognition model can be trained for each annotator by using
only each annotator’s labels. However, if the amount of training data of each annotator is
limited, the model training falls to overfitting due to data sparseness. To tackle this problem, it
is assumed that perceptions of the annotators are clustered into several groups. To implement
the assumption, this study introduces a latent variable called character. It is modeled that
each annotator has its own character and the character affects the perception of engagement
as illustrated in Fig 3.2. The character is represented in several dimensions on a latent space
and is implemented by a hierarchical Bayesian model. It is expected that the proposed model

can precisely recognize each annotator’s label, avoiding the overfitting.
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3.2 Human-Robot Dialogue Corpus

A human-robot dialogue corpus has been collected in which the humanoid robot ERICA [132,
133] interacted with human subjects. ERICA was operated by another human subject, called
an operator, who was in a remote room. The dialogue was one-on-one, and the subject and
ERICA sat on chairs facing each other. Fig. 3.3 shows a snapshot of the dialogue. The
dialogue scenario was as follows. ERICA works in a laboratory as a secretary, and the subject
visited the professor. Since the professor was absent for a while, the subject talked with
ERICA until the professor would come back. The operator was asked to think of utterances
and dialogue content by herself. The voice uttered by the operator was directly played with a
speaker placed on ERICA in real time. When the operator spoke, the lip and head motions of
ERICA were automatically generated from the prosodic information [134, 135]. The operator
also manually controlled the head and eye-gaze motions of ERICA to express some behaviors
such as eye-contact and head nodding. The dialogue was recorded with multimodal sensors,
referring to other corpus studies [136, 137]. The used sensors were directed microphones, a
16-channel microphone array, RGB cameras, and the Kinect v2 sensor. After the recording,
the manual annotation was conducted to build the conversation data including utterances,
turn units, dialogue acts, backchannels, laughing, fillers, head nodding, and eye gaze (the
object at which the participant is looking). Besides, both participants were asked to evaluate
the level of self-engagement on the 7-point scale.

For an annotation of subject engagement, 20 dialogue sessions were used in this paper.
The subjects were 12 females and 8 males, with ages ranging from teenagers to over 70 years
old. The operators were six amateur actresses in their 20s and 30s. Whereas each subject
participated in only one session, each operator was assigned several sessions. Each dialogue

lasted about 10 minutes. All participants were native Japanese speakers.

3.3 Annotation of Engagement

The annotation work of the subject engagement in the human-robot dialogue corpus was
conducted. This section explains how to annotate the subject engagement and an analysis of
the annotation result below.

3.3.1 How to Annotate Engagement

There are several choices to annotate ground-truth labels of the subject engagement. The
intuitive method is to ask the subject to evaluate his/her own engagement right after the

dialogue session. However, in practice, it can be obtained only one evaluation on the
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whole dialogue due to time constraints. It is difficult to obtain evaluations on fine-grained
phenomena such as every conversational turn. Furthermore, there often is a bias where
subjects tend to give positive evaluations of themselves. This kind of bias was observed
in other works [95, 138]. Another method is to ask the ERICA’s operators to evaluate the
subject engagement. However, it was difficult to let the actresses participate in this annotation
work due to time constraints. Similar to the first method, also in the current case, it was
obtained only one evaluation on the whole dialogue, but this is not useful for the current
recognition task. This problem often happens in other studies for building corpora because
the dialogue recording and the annotation work are done separately. Most of the previous
studies adopted a practical approach where they asked third-party people (annotators) to
evaluate engagement. This approach is categorized into two types: training a small number
of annotators [114, 90, 126, 117] and making use of the wisdom of crowds [97, 96]. The
former type is valid when the annotation criterion is objective. On the other hand, the latter
type is better when the criterion is subjective and when a large amount of data is needed.
This study took the latter approach.

As annotators, 12 females who had not participated in the dialogue data collection were
recruited. Their gender was set to be same as those of the ERICA’s operators. The annotators
were instructed to take the point of view of the operator. Each dialogue session was randomly
assigned to 5 annotators. The definition of engagement was presented as “How much the
subject is interested in and willing to continue the current dialogue with ERICA”. The

annotators were asked to annotate the subject engagement based on its behaviors while the
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subject was listening to ERICA’s talk. Therefore, the subject engagement can be interpreted
as listener engagement. It also means that the annotators observe listener behaviors expressed
by the subject. The annotators were shown a list of listener behaviors that could be related to
engagement, with example descriptions. This list included facial expression, laughing, eye
gaze, backchannels, head nodding, body pose, moving of shoulders, and moving of arms
or hands. The annotators were instructed to watch the dialogue video by standing in the

viewpoint of the ERICA’s operator, and to press a button when all the following conditions
were being met:

(1) ERICA was holding the turn
(2) the subject was expressing any listener behaviors

(3) the behavior means the high level of subject engagement
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For condition (1), the annotators were notified of auxiliary information which showed the
timing of when the conversational turn was changed between the subject and ERICA. Fig.
3.4 illustrates an annotation tool implemented for this annotation work.

Before the annotation work, the annotators were given the practice time to understand
what kind of behaviors could appear in this dialogue corpus. Each annotator was assigned
other 5 dialogues for the practice, and they annotated only the listener’s behaviors without
considering engagement. The result of the practice was verified by the experimenter to make
sure that each annotator had noticed the enough amount of the behaviors.

3.3.2 Analysis

Across all annotators and sessions, the average number of button presses per session was
18.13 with a standard deviation of 12.88. Since each annotator was assigned some of the 20
sessions randomly, one-way ANOVA was tested for both inter-annotator and inter-session,
respectively. As a result, it was observed significant differences in the average numbers
of button presses among both the annotators (F(11,88) =4.64, p = 1.51 x 1073) and the
sessions (F(19,80) =2.56, p = 1.92 x 10~3). There was a variation among not only sessions
but also annotators.

In this study, each ERICA’s conversational turn is used as a unit for engagement recogni-
tion. The conversational turn is useful for spoken dialogue systems to utilize the result of
engagement recognition because the systems typically make a decision on their behaviors on
a turn basis. If an annotator pressed the button more than once in a turn, it was regarded that
the turn was annotated as engaged by the annotator. This dataset excluded short turns whose
durations are smaller than 3 seconds, and also some turns corresponding to the greeting. As
a result, the total number of ERICA’s turns was 433 over 20 dialogue sessions. The numbers
of engaged and not engaged turns from all annotators were 894 and 1,271, respectively.

The agreement level among the annotators is investigated as below. The average value
of Cohen’s kappa coefficients on every pair of two annotators was 0.291 with a standard
deviation of 0.229. However, as Fig. 3.5 shows, some pairs showed coefficients higher than
the moderate agreement (larger than 0.400). The result suggests that the annotators can be
clustered into some groups based on their tendencies to annotate engagement similarly. Each
group regarded different behaviors as important, and had different thresholds to accept the
behaviors as engaged events.

The annotators were asked to complete a survey on which behaviors were essential to
judge the subject engagement. For every session, the annotators were asked to select all the
essential behaviors to judge the subject engagement. Table 3.1 lists the results of this survey.
Note that this survey was conducted in total 100 times (5 annotators in 20 sessions). The
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Fig. 3.5 Inter-annotator agreement score (Cohen’s kappa) on each pair of annotators

Table 3.1 The number of times selected by annotators as essential behaviors

listener behavior #selected
facial expression 77
backchannels 67
head nodding 65
eye gaze 40
laughing 39
body pose 32
moving of shoulders 3
moving of arms or hands 2
others 4

result indicates that engagement could be related to some listener behaviors such as facial
expression, backchannels, head nodding, eye gaze, laughing, and body pose.

In following experiments, four behaviors are used: backchannels, laughing, head nodding,
and eye gaze. As seen in Chapter 2, these behaviors have been identified as indicators of
engagement. The occurrences of the four behaviors were manually annotated. The definition
of backchannel in this annotation was responsive interjections (such as “yeah” in English
and “un” in Japanese), and expressive interjections (such as “oh” in English and “he-" in
Japanese) [139]. The laughing was defined as vocal laughing, not including just smiling

without any vocal utterance. The occurrence of head nodding was annotated based on the
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Table 3.2 Relationship between the occurrence of each behavior and the annotated engage-
ment (/: occurred / engaged, 0: not occurred / not engaged)

behavior erIlLemOG:nt accuracy
backchannel (]) Zgg ii(l) 0.569
laughing é ;22 1,232 0.630
head nodding é gi? ;;S 0.643
eye gaze é 22; 1’(2)32 0.628

vertical movement of the head. The occurrence of eye-gaze behaviors is acknowledged
when the subject was gazing at ERICA’s face continuously for more than 10 seconds. This
10-second threshold was decided by confirming a reasonable balance between the accuracy in
Table 3.2 and the recall of the engaged turns. It was challenging to annotate facial expression
and body pose due to their ambiguity. The other behaviors not used in this study will be
considered as additional features in the future work. The relationship between the occurrences
of the four behaviors and the annotated engagement is summarized in Table 3.2. Note that the
numbers are calculated from the engagement labels given by all individual annotators. The
result suggests that these four behaviors are useful cues to recognize the subject engagement.
The accuracy scores on each annotator is further analyzed in Table 3.3. The results show that
each annotator has a different perspective on each behavior. For example, the engagement
labels of the first annotator (index 1) are related to the labels of backchannels and head
nodding. On the other hand, those of the second annotator (index 2) are related to those of
laughing, head nodding, and eye gaze. This difference implies that it is needed to consider

each annotator’s different perspective on engagement.

3.4 Latent Character Model

A hierarchical Bayesian model for engagement recognition is proposed. The annotators can
be clustered into some groups based on their perception manners. It is assumed that each
annotator has a character which affects his/her perception of engagement. The character
is a latent variable estimated from the annotation data. The proposed model is called as a
latent character model. This model is inspired by latent Dirichlet allocation (LDA) [140]
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Table 3.3 Accuracy scores of each annotator’s engagement labels when the reference labels
of each behavior are used

listener behavior

annotator index backchannel laughing head nodding eye gaze

1 0.751 0.348 0.736 0.488
2 0.588 0.690 0.722 0.717
3 0.584 0.753 0.695 0.689
4 0.487 0.702 0.607 0.696
5 0.301 0.850 0.566 0.659
6 0.553 0.648 0.620 0.581
7 0.647 0.479 0.647 0.599
8 0.441 0.752 0.466 0.596
9 0.749 0.518 0.769 0.559
10 0.576 0.589 0.576 0.677
11 0.542 0.651 0.657 0.627
12 0.553 0.619 0.604 0.660

and the latent class model which estimates annotators’ abilities for a decision task like
diagnosis [141].

3.4.1 Problem Formulation

At first, the problem formulation of this engagement recognition is defined as follows.
Engagement recognition is done for each turn of the robot (ERICA). The input is based on
listener behaviors of the user during the turn: laughing, backchannels, head nodding, and
eye gaze. Each behavior is represented as binary: occur or not as defined in the previous
section. The input feature is a combination of the occurrences of the four behaviors and
referred to as behavior pattern. In this study, since the four listener behaviors are used, the
possible number of the behavior patterns is 16 (= 2%). Although the number of the behavior
patterns would be massive if many behaviors are used, the observed patterns are limited so
that the less-frequent patterns can be excluded. The output is also binary: engaged or not, as

annotated in the previous section. Note that this ground-truth label differs for each annotator.

3.4.2 Generative Process

The latent character model is illustrated as the graphical model in Fig. 3.6. Table 3.4 describes

symbols used below. The generative process is as follows. For each annotator, parameters of
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Fig. 3.6 Graphical model of latent character model

a character distribution are generated from the Dirichlet distribution as
6, = (9,‘1, s Oy ,9,'[() ~ Dirichlet(a) , 1 <i<I, (3.1

where I, K, i, k denote the number of annotators, the number of characters, the annotator index,
and the character index, respectively, and & = (¢, -+, 04, -+ , Q) is a hyperparameter. The
parameter 0;;, represents the probability that the i-th annotator has the k-th character. For each
combination of the k-th character and the /-th behavior pattern, a parameter of an engagement

distribution is generated by the beta distribution as
O ~Beta(B,y), 1<k<K,1<I<L, (3.2)

where L denotes the number of behavior patterns, and 8 and y are hyperparameters. The
parameter ¢y; represents the probability that annotators with the k-th character interpret the
[-th behavior pattern as an engaged signal.

The number of the total dialogue sessions is represented as J. For the j-th session, the
set of annotator indices who were assigned to this session is represented as I;. The number
of conversational turns of the robot in the j-th session is represented as 7. For each turn, a
character is generated from the categorical distribution corresponding to the i-th annotator as

zijn ~ Categorical(0;) , 1 < j<J, 1 <n<T;,i€lj, (33)
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Table 3.4 Description of symbols

symbol description
K # of characters
L # of behavior patterns
1 # of annotators
J # of dialogue sessions
T; # of dialogue turns in j-th dialogue session
I; set of annotator indices who were assigned to j-th dialogue session
0 parameter of character distribution (probability that i-th annotator has
k-th character)
O parameter of engagement distribution (probability that annotators with
k-th character interpret /-th behavior pattern as engaged signal)
Xj,  behavior pattern in n-th turn of j-th dialogue session
Yijn engagement label given by i-th annotator in n-th turn of j-th dialogue
session
Zijn character of i-th annotator in n-th turn of j-th dialogue session
C) dataset of parameters of character distribution
L] dataset of parameters of engagement distribution
X dataset of behavior patterns
Y dataset of engagement labels
zZ dataset of characters
D; # of turns where i-th annotator was assigned
Dy # of turns where i-th annotator had k-th character
N # of engagement labels given by annotators with k-th character against
[-th behavior pattern
N # of times when engaged labels are given in the condition of Ny
Ny # of times when not-engaged labels are given in the condition of Ny,
N;ju  binary variable indicating if i-th annotator observed /-th behavior pattern
in n-th turn of j-th dialogue session
Njju1  binary variable indicating if i-th annotator gave an engaged label in the
condition of N,
Nijnio  binary variable indicating if i-th annotator gave a not-engaged label in
the condition of N;
Dy\p  #of turns in the condition of D4 without considering the index B
Njyp  #of engagement labels in the condition of Ny without considering the

index B

where n denotes the turn index. The input behavior pattern in this turn is represented as
xjn € {1,---,L}. Note that the behavior pattern is independent from the annotator index
i. The binary engagement label is generated from the Bernoulli distribution based on the
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character and the input behavior pattern as
Yijn ~ Bernoulli(¢,,,x,,) - (3.4)

Given the dataset of the above variables and parameters, the conditional distribution is

represented as
p(Y.Z,0,2|X) = p(Z|®)p(Y|X,Z,®)p(@)p(P) , (3.5)

where the bold capital letters represent the datasets of the variables written by the corre-
sponding small letters. Note that @ and ® are the model parameters, and the dataset of the
behavior patterns X is given and regarded as constant.

3.4.3 Training

In the training phase, the model parameters ® and @ are estimated. The training datasets of
the behavior patterns X and the engagement labels ¥ are given. A collapsed Gibbs sampling
is used to marginalize the model parameters and to efficiently sample only target variables.
Here, each character is sampled alternately and iteratively from its conditional probability

distribution as

Zijn ™ p(Zijn|Xayaz\ijna aaﬁa’}/) ’ (36)

where the model parameters ® and @ are marginalized. Note that Z,;;, is the set of the
characters without z;;,. The conditional probability distribution is expanded in the same
manner as the other work [142]. The distribution is proportionate to the product of two terms
as

p(Zijn = k’X7Y7Z\ijn7 aﬁﬁ’)
o< p(Zijn = k|Z\l]n7 a)p(yijn|X7Y\ijnaZijn = kvz\ijnaﬁv Y) ) (37)
where Y\ ;;, is the dataset of the engagement labels without y j,.
To extend each term of Eq. (3.7), it is introduced the joint probability of the datasets of

the characters Z and engagement labels ¥ where the datasets of the model parameters ® and

® are marginalized as

p(Y,ZIX,a,B,y) = p(Z|a) p(Y|X,Z,B,7) . (3.8)
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The first term is expanded by marginalizing the parameter set ® as

pzie)= [ p(z®) p(©la) d® (39)
K 1 K
—/ He},}knrz"“" []o% 'd@ (3.10)
i=1k=1 im1 [ T(o) )
1 1 K
Z"“’;))I/HIHI R[] (3.11)
kak)l LI D (Dt + o)
) LU0+ 500 12

Note that D; and Dj; denote the number of turns where the i-th annotator was assigned, and
the number of turns where the i-th annotator had the k-th character, respectively. Besides,
I'(-) is the gamma function. Eq. (3.10) is derived from the definitions of the categorical and
Dirichlet distributions. The last expansion is based on the partition function of the Dirichlet

distribution as

Oy — 1 Hk ( )
/Helk 48, = (50 (3.13)

Similarly, the second term of Eq. (3.8) is also expanded by marginalizing the parameter set
® as

p(Y|X,Z,B,7)
— [ p(¥|X.2.9) p(@|B.7) 4 G.14)
K L r
—/HI—[fPN"“ — 0u Nk’OHH Bﬂ’ ,5 - 'a®  (3.15)
k=11= k:ll:lr
KL
ﬁKZLFy / o P —¢1)N“°”’ld<1> (3.16)

_ (ﬁ+?’KL S DLWt + B)T (Nio +7)
F( KLF Lk 11=1 Nkl+ﬁ+'}’)

(3.17)

Note that Ny; is the number of engagement labels given by annotators with k-th character
against the /-th behavior pattern. Among them, Ny;; and Ny represent the numbers of
engaged and not-engaged labels, respectively. Eq. (3.15) is derived from the definitions of
the Bernoulli and beta distributions. The last expansion is also based on the partition function
like Eq. (3.13).
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Using Eq. (3.12), the first term of Eq. (3.7) is calculated as

p(zijn = k|z\ijna)
:P(Zijn =k, Z\;jn| @)

(3.18)
p(Z\jj,|@)
_F(Dik\ijn +1+ ak) Hk’;«ékr( ik'\ijn + ak’ / Hk’ 'k’\ijn + ak/) (3.19)
C(D; + Y o) —1+Yray) '
_F(Dik\ijn+l+ak) F(Di_1+zk/06k/) (3 20)
C(Djijn+ o)  T(Di+Yeay) '
Dip\iin+ O
_ ik\ijn k ‘ 3.21)
Di—1+Y oy
Note that a property of the gamma function is used as
Ix+1)=xI'(x) (3.22)

where x is any complex number except zero and negative integers. Using Eq. (3.17), the
second term of Eq. (3.7) is also developed as

()’z]n‘X Y\l]nvzl]n k Z\l]mﬁ Y)
( X, Zijn =k Z\l]n’ﬁ Y)
P(Y\ijnX,Z\ijn,B,7)
H L (Nii\ijntNijni1 +B)T (Novijn+Nijnio+7) ﬁ L T(Niijn + B)C(Npiovijn +7)

(3.23)

(Nkl\l]n +Dl]nl+ﬁ+Y) K=1I=1 1—‘(]Vk’l\ijn—i_ﬁ"i_'}/)
Kk
/ ﬁ 151 C(Neijn + B)T (Neiovijn +7) (3.24)
f=11=1 C(Nepijn+B+7) '
_ fI C(Nipijn+B+7Y)  T(Nunijn + Nijut +B) T(Nuovijn + Nijnio +7)
=1 | TWVeijn +Nijm +B+7) T(Nunijn +B) I'(Nuovijn +7) .
(3.25)

Note that Ny ;;, represents the number of engagement labels given by annotators with the k-
th character against the /-th behavior pattern without considering x;j,. Among them, Ny,
and Nyo\;j, are the numbers of engaged and not-engaged labels, respectively. Besides, Njjn
represents the binary variable indicating if the i-th annotator observed the /-th behavior
pattern in the n-th turn of the j-th session. Among them, N;;,;; and N0 are binary variables

indicating if the annotator gave the engaged and not engaged labels, respectively. Therefore,
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the sampling formulation in Eq. (3.7) is expanded as

p(Zijn = k|X7Y7Z\ijnaa7B7’Y)

< p(Zijn = k|Z\jn, @) p(Vijn|X, ¥ \ijn Zijn = K Z\jju, B, Y) (3.26)
_ Digjju+ o
_Di —14+Y o
y L { C(Nipijn+B+7Y)  T(Nunijn + Nijuit +B) T(Novijn + Nijnio +7) }
1 | TWVivijn +Nijm +B+7Y)  T(Nunijn+B) C(Nigorijn +7) .
(3.27)

After sampling, one of the sampling results is selected where the joint probability of the

variables is maximized as

Z* =argmax p(Y,Z")|X, a,B.7), (3.28)
z(r)

where Z") represents the r-th sampling result. Using Eq. (3.12) and Eq. (3.17), the joint
probability is expanded as

p(Y,Z" X, a,B,7)=p (Z“)Ia> p(Y|X,2"),B.7) (3.29)
[T (D + ) 5 v TNt + BT (Nio +7)

o . (330

H C(Di + Yx o) kI:I”_] C(Nu+B+7) (30

where D;, Dj, Ny;, and Ny, are counted up among the r-th sampling result 4SS Finally, the

model parameters @ and ® are estimated based on the sampling result Z* as

D; o
eik:#, (3.31)
Nit +
by = N th (3.32)
Nu+B+y

where D;, D, Ny, and Ny;; are counted up among the sampling result Z*.

3.4.4 Inference

In the testing phase, the unseen engagement label given by a target annotator is predicted
based on the estimated model parameters @ and ®. The input data are the behavior pattern
x; € {1,---,L} and the target annotator index i € {1,---,I} . Note that ¢ represents the turn
index in the test data. The probability that the target annotator gives the engaged label on
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this turn is calculated by marginalizing the character as

K
pie =1|x,i,0,®) = Y 0y Oy, - (3.33)
k=1

The ¢-th turn is recognized as engaged by the target annotator when this probability is higher
than a threshold.

3.4.5 Related Models

Similar models considering the difference of annotators are summarized. In a task of
backchannel prediction, a two-step CRF (conditional random fields) was proposed [143, 144].
They trained a prediction model per annotator. The final decision is based on voting by
the individual models. The proposed method trains the model based on the character, not
for each annotator, so that robust estimation is expected even if the amount of data for
each annotator is not large, which is the case in many realistic applications. In a task of
estimation of empathetic states among dialogue participants, a model classified annotators by
considering both the annotators’ tendencies of the estimation and their personalities [145].
The personalities correspond to the characters in the proposed model. Their model was able
to estimate the empathetic state based on a specific personality. It assumed that the personality
and the input features such as the behavior patterns are independent. The proposed model
assumes that the character and the input features are dependent, meaning that how to perceive

each behavior pattern is different for each character.

3.5 Evaluation

In this section, the latent character model is compared with other models that do not consider
the difference of the annotators. Besides, the accuracy of the online implementation is
evaluated. Furthermore, the effectiveness of each behavior is investigated in order to identify
important behaviors in this recognition task. In this experiment, the task is to recognize
each annotator’s labels. Since the low agreement among the annotators was observed in
Section 3.3.2, it does not make sense to recognize a single overall label such as majority
voting. In real-life applications, a target system can select an annotator or a character
appropriate for the system. The last part of this section suggests a method to select a
character distribution for engagement recognition based on a personality trait expected for a

system such as a humanoid robot.
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3.5.1 Setup

The cross-validation with the 20 dialogue sessions was conducted: 19 for training and the
rest for testing. In the proposed model, the number of sampling was 10,000, and all prior
distributions were the uniform distribution. The evaluation was done for each annotator one
by one where 5 annotators individually annotated each dialogue session. Given the annotator
index i, the probability of the engaged label (Eq. (3.33) or Eq. (4.4)) was calculated for each
turn. The accuracy score is calculated by setting the threshold at 0.5. Note that the accuracy
score is a ratio of the number of the correctly recognized turns to the total number of turns.
The final evaluation was made by averaging the accuracy scores for all annotators and also
the cross-validation. The accuracy score of a majority baseline was 0.579 (=1,271/ 2,165).

3.5.2 Effectiveness of Character

At first, the proposed model was compared with two methods to see the effectiveness of
the character. In this experiment, the input behavior patterns were manually annotated. For
the proposed model, an appropriate number of characters (K) was explored by changing
from 2 to 5 on a trial basis. The first compared model was the same as the proposed
model other than a unique character (K = 1). The second compared models are based
on other machine learning methods. Compared models were logistic regression, support
vector machine (SVM), and a multilayer perceptron (neural network). For each model,
two types of training are considered: majority and individual. In the majority type, the
training labels of the five annotators was integrated by majority voting and trained a unique
model which was independent of the annotators. In the individual type, an individual model
was trained for each annotator with his/her data only and used each model according to
the input annotator index i in the test phase. Although the individual type can learn the
different tendency of each annotator, the amount of training data decreases. Furthermore,
the training data was divided into training and validation datasets on a session basis so that
it corresponds to 9:1. Each model was trained with the training dataset, and then tuned the
parameter of each model with the validation dataset. For logistic regression, the weight
parameter of the /2-norm regularization was tuned. The range of the value of this weight
was {10"|n = —-3,-2,—1, 0, 1, 2, 3}. For SVM, the radial basis function (RBF) kernel
was used, and the penalty parameter of the error term was tuned. The range of the value of
this parameter was same as the case of logistic regression. For the multilayer perceptron,
the weight parameter of the /2-norm regularization was tuned for each unit. The range of
the value of this weight was {10"|n = —7,—6,—5,—4,—3,—2,—1,}. It also was needed

to decide other settings for the multilayer perceptron such as the number of hidden layers,
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Table 3.5 Engagement recognition accuracy (K is the number of characters.)

method accuracy

majority baseline 0.579
logistic regression majority 0.670
individual 0.681

majority 0.667

SVM individual 0.683
. majority 0.678
multilayer perceptron individual 0.690
K =1 (no character) 0.674

K=2 0.697

latent character (proposed) K =3 0.703
K=4 0.711

K=5 0.703

the number of hidden units, the activation function, the optimization method, and the batch
size. The weight parameter of the /2-norm regularization was tuned with the validation
dataset, but it is not realistic to optimize the other settings in the same manner. Therefore,
all combinations of the other settings were tried with the test dataset, and the best score is
reported here. The range of the number of hidden layers was {1,2,3,4,5}. The range of
the number of hidden units was {4,8,16,24,32}. The activation function was selected from
hyperbolic tangent and rectified linear unit (ReLU) [146]. The optimization method was
selected from Adam [147] and stochastic gradient descent. The range of the mini-batch size
was {1,2,4,8,16,32}.

Table 3.5 summarizes the accuracy scores. Among the conventional machine learning
methods, the multilayer perceptron showed the highest score on both of the majority and
individual types. For the majority type, the best setting of the multilayer perceptron was 5
hidden layers, 16 hidden units, hyperbolic tangent, stochastic gradient descent, and 4 samples
in mini-batch. For the individual type, the best setting was 1 hidden layer, 16 hidden units,
ReLU, Adam, and 4 samples in mini-batch. The difference in the number of hidden layers
can be explained by the number of available training data.

Considering the character (K > 2), the accuracy was improved than the w/o-character
models including the multilayer perceptron. The highest accuracy was 0.711 with the
four characters (K = 4). A paired t-test was conducted between the cases of the unique
character (K = 1) and the four characters (K = 4) and found a significant difference between
them (¢(99) = 2.55, p = 1.24 x 1072). Another paired t-test was conducted between the
proposed model with the four characters and the multilayer perceptron models. There

was a significant difference between the proposed model (K = 4) and the majority type of
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Table 3.6 Recognition accuracy without each behavior of the proposed method

used behavior K=1 K=4

all 0.674 0.711
w/o backchannels 0.669 0.699
w/o laughing 0.606 0.684
w/o head nodding 0.664 0.700
w/o eye gaze 0.650 0.681

the multilayer perceptron (¢(99) = 2.34, p = 2.15 x 1072). There also was a significant
difference between the proposed model (K = 4) and the individual type of the multilayer
perceptron (£(99) = 2.55, p = 1.24 x 1072),

These results indicate that the proposed model simulates each annotator’s perception
of engagement more accurately than the others by considering the character. Apparently,
the majority voting is not enough for this kind of recognition task that contains subjectivity.
Although the individual model has the potential to simulate each annotator’s perception, it
fails to address the data sparseness problem in model training. This means that there was
not enough training data for each annotator. This problem is often observed when data is
collected by the wisdom of crowd approach where a large number of annotators are available,

but the amount of data from each annotator is small.

3.5.3 Identifying Important Behaviors

The effectiveness of each behavior was examined by eliminating one of the four behaviors
from the feature set. In this experiment, the number of characters (K) was set at only one and
four. The results are reported in Table 3.6. From this table, laughing and eye-gaze behaviors
are more useful for this engagement recognition task. This result is partly consistent with
the analysis of Table 3.2. It is assumed that backchannels and head nodding were indicating
engagement, but those can be used more frequently than the others. While backchannel and
head nodding behaviors play a role to acknowledge that the turn-taking floor will be held by
the current speaker, laughing and eye-gaze behaviors express the reaction towards the spoken
content. Therefore, laughing and eye-gaze behaviors are more related to the high level of
engagement. However, it is thought that some backchannels such as expressive interjections
(such as “oh” in English and “he-" in Japanese) [139] are used to express the high level of
engagement. From this perspective, there is room for further investigation to classify each

behavior into some categories which are correlated with the level of engagement.
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Fig. 3.7 Estimated parameter values of character distribution (Each value corresponds to the
probability that each annotator has each character.)

character ] k=1 EE k=2 B (=3 I =4
1.0

0.8

0.6

o

0.4

0.2

oo | Tl
nothing (74) B (79) N (20) G (7) BL (7) BN (119) BG (24) BLN (14) BNG (71) BLNG (9)
behavior pattern (indexed by [, B: backchannels, L: laughing, N: head nodding, G: eye-gaze)

Fig. 3.8 Estimated parameter values of engagement distribution (Each value corresponds to
the probability that each behavior pattern is recognized as engaged by each character. The
number in parentheses next to each behavior pattern is the frequency of the behavior pattern
in the corpus.)
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Table 3.7 Clustered annotators based on character distribution and averaged in-cluster agree-
ment scores

cluster annotator index Cohen’s kappa

A 1,9 0.510
B 2,3,4,6 0.431
C 10, 11 0.459

Table 3.8 Averaged agreement scores between-clusters

cluster pair Cohen’s kappa

A-B 0.321
A-C 0.239
B-C 0.137

3.5.4 Example of Parameter Training

The result of parameter training was analyzed. The following parameters were trained using
all 20 sessions. In this example, the number of characters was four (K = 4).

The parameters of the character distribution (8;;) is shown in Fig. 3.7. The vertical axis
represents the probability that each annotator has each character. It is observed that some
annotators have common patterns. The annotators were clustered based on this distribution
by using the hierarchical clustering with the unweighted pair-group method with arithmetic
mean (UPGMA) algorithm. From the generated tree diagram, three clusters were extracted
and reported in Table 3.7. Four annotators were independent (the annotators 5, 7, 8, 12).
The table also shows the averaged agreement scores of the engagement labels among the
annotators inside the same cluster. All scores are over the moderate agreement (larger than
0.400) and also higher than the whole averaged score (0.291) reported in Section 3.3.2. The
averaged agreement scores between the clusters are analyzed. Table 3.8 reports the scores
that are lower than the in-cluster agreement scores. For example, the annotators 1 and 9 share
similar distributions. In Fig. 3.5, they showed the Cohen’s kappa score of 0.510 which was
higher than the average. Besides, the annotators 2, 3, 4, and 6 also share similar distributions,
and they had the higher kappa scores among them.

The parameters of the engagement distribution (¢y;) is shown in Fig. 3.8. The vertical
axis represents the probability that each behavior pattern is recognized as engaged by each
character. Note that some behavior patterns were omitted due to less frequent (less than five
in the whole corpus). The number of times when each behavior pattern is observed in the

whole corpus is also reported in the figure. The proposed model can obtain the different
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Table 3.9 Regression weights for mapping from Big Five scores to character distribution

character index (k)

Big Five factor | ) 3 4

extroversion 411 195 0.00 4.00
neuroticism 0.71 0.00 0.00 1.94
openness to experience 1.52 0.00 5.10 0.00
conscientiousness 0.00 3.00 1.74 0.00
agreeableness 0.00 3.25 0.00 2.25

distribution for each character. Although the first character (k = 1) seems to be reactive to
some behavior patterns, it is also reactive to behaviors other than the four behaviors because
the high probability is estimated against the empty behavior pattern (nothing) where no
behavior was observed. The second and third characters (k = 2, 3) show a similar tendency,
but some are different (e.g., BL, BG, and BNG). The fourth character (k = 4) is reactive to
all behavior patterns except the patterns of empty (nothing) and eye gaze only (G). Among
all characters, the co-occurrence of multiple behaviors leads to higher probability (the right
side of the figure). Especially, when all behaviors are observed (BLNG), the probability
becomes very high in all characters. This tendency indicates that the co-occurrence of

multiple behaviors expresses the high level of engagement.

3.5.5 How to Determine Character Distribution

The advantage of the proposed model is to simulate various kinds of perspectives for engage-
ment recognition by changing the character distribution. However, when the proposed model
is used in a spoken dialogue system, it is needed to determine one character distribution to be
simulated. This experiment suggests a method based on the personality given to the dialogue
system. Specifically, once the personality for the dialogue system is given, the character
distribution for engagement recognition is decided. Here, as a proxy of the personality, the
Big Five traits are used: extroversion, neuroticism, openness to experience, conscientiousness,
and agreeableness [148]. For example, given a social role of a laboratory guide, the dialogue
system is expected to be extroverted.

In the annotation work, the Big Five scores of each annotator were also measured [149].
Here, a softmax single-layer linear regression model is trained in order to map the Big Five
scores to the character distribution as shown in Fig. 3.7. Note that the weight parameters of
the regression are constrained by the /1-norm regularization and to be non-negative. The
bias term was not added. Table 3.9 shows the regression weights and indicates that some

characters are related to some personality traits. For example, extroversion is related to
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the first and fourth characters, followed by the second character. This result can also be
interpreted by relating to the engagement distribution in Fig. 3.8 The fourth character tends
to give engaged labels on many behavior patterns and is related to extroversion. This result
means that extrovert persons tend to give engaged labels than others. On the other hand, the
second character tends to give not engaged labels on many behavior patterns and is related to
conscientiousness and agreeableness. It can be said that persons with this personality tend to
give not engaged labels than others.

The regressions with some social roles were tested. When a dialogue system plays a role
of a laboratory guide, the input score on extroversion is set at the maximum value among the
annotators, and the other scores are set to the average values. The output of the regression
was 0 = (0.147,0.226,0.038,0.589), which means the fourth character is weighted in this
social role. For another social role such as a counselor, the input scores on conscientiousness
and agreeableness are set at the maximum values among the annotators, and the other scores
are set to the average values. The output was 8 = (0.068,0.464,0.109,0.359), which means
the second and fourth characters are weighted in this social role Further investigation is

required on the effectiveness of this personality control.

3.6 Summary

This chapter has addressed engagement recognition using listener behaviors. Since the
perception of engagement is subjective, the ground-truth labels depend on each annotator. It
was assumed that each annotator has a character that affects his/her perception of engage-
ment. The proposed model estimates not only user engagement but also the character of
each annotator as latent variables. The model can simulate each annotator’s perception by
considering the character. In the experiment, the proposed model outperforms the other
methods that use either the majority voting for label generation in training or individual
training for each annotator. It was also confirmed that the proposed model could cluster
the annotators based on their character distributions and that each character has a different
perspective on behaviors for engagement recognition. The analysis result suggests the traits
of each annotator or character. Therefore, a live spoken dialogue system can choose an
annotator or a character that the system wants to imitate. Another method was also presented
in order to select a character distribution based on the Big Five personality traits expected for

the system.






Chapter 4

Engagement Recognition Integrating
Automatic Behavior Detection

This chapter presents a method for integrating automatic behavior detection model with the
engagement recognition model to realize online engagement recognition for live spoken
dialogue systems. The method automatically detects the listener behaviors, and the posterior

probabilities of the behaviors are used as the input of the engagement recognition model.

4.1 Introduction

Human conversation utilizes various non-verbal social signals for realizing smooth com-
munication. The social signals convey internal states of participants, such as the level of
engagement. This study focuses on four behaviors as social signals: backchannels, laugh-
ing, head nodding, and eye gaze. The series of previous studies have unveiled that these
behaviors are related to engagement in both human-robot interaction and human-human
conversation [79, 115, 97, 116, 114, 90, 96, 120, 119, 117, 118].

In the previous chapter, the behavior patterns were manually annotated and used as the
input of the engagement recognition model. In order to use the engagement recognition
model in spoken dialogue systems, this chapter addresses automatic detection of the behavior
patterns. Fig. 4.1 illustrates the processing flow of the proposed method. Backchannels
and laughing are detected with the 16-channel microphone array. Acoustic features were
calculated from the audio signal enhanced by the microphone array processing. Head nodding
and eye gaze are detected with the Kinect v2 sensor. Visual features consisted of the direction,
velocity, and acceleration of the head estimated by the sensor. These devices make it possible

to realize non-contact measurement of the behaviors. This factor is crucial for live spoken
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Fig. 4.1 Processing flow of automatic detection of listener behaviors

dialogue systems to be used in daily life. A detection model of each behavior outputs a
posterior probability of that the behavior occurs. Finally, the posterior probabilities of the
four behaviors are integrated and used as input of the engagement recognition model.
Machine learning approach is applied to detection of the listener behaviors. In contrast
to the case of engagement, it is easy to collect a large amount of training data because the
behaviors can be objectively defined. In early studies, the detection models were based on
heuristic rules gained from analysis works. Recent studies on social signal detection have
made use of machine learning methods [150, 151]. However, current engagement recognition
systems have used only limited behaviors that can be obtained directly from sensors such
as voice activity, distance, head direction, facial action units [90, 117]. This chapter reveals
the feasibility of automatic detection of the listener behaviors for engagement recognition

systems. Note that eye-gaze detection is done by a heuristic rule.
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4.2 Automatic Behavior Detection

Automatic detection methods are described from one behavior to another. Bi-directional long
short-term memory with connectionist temporal classification (BLSTM-CTC) is used for
backchannels and laughing. An LSTM model is implemented for head nodding, and eye
gaze is determined by a rule.

4.2.1 Backchannels

Backchannels are short vocal responses uttered by listeners towards the turn-holder [152].
The definition of backchannels in this study consists of responsive interjections (such as “yeah”
in English and “un” in Japanese) and expressive interjections (such as “oh” in English and
“he-" in Japanese) [139]. These responses are used by listeners to express acknowledgment
that the current speakers can hold the turn, or the listeners are interested in the current talk.
Therefore, backchannels are related to listener engagement.

The problem formulation in this study is as follows. On each user utterance, the log-Mel
filterbank features are extracted as a 40-dimension vector and also a delta and a delta-delta
of them. Therefore, the number of dimensions of the input features is 120. Note that each
utterance is segmented as inter-pausal unit (IPU) [153] where every pause is longer than
200 milliseconds. The output is a binary label corresponding to whether the backchannel is
contained in the utterance.

Earlier studies made use of heuristic rules for backchannel detection [152, 154]. Then,
the Gaussian mixture model (GMM) was applied to this task [155]. Conditional random
field (CRF) was applied to another task that predicts the timing of backchannels [38]. These
machine learning models were trained as frame-wise classification. However, in the current
case, event-wise detection is needed (e.g., whether the backchannel is uttered or not). This
means that the frame-wise detection is not needed. Moreover, it is difficult to manually
annotate frame-wise segmentation in training data.

Bi-directional long short-term memory with connectionist temporal classification (BLSTM-
CTC) [156] is used for detection of backchannels. Recurrent neural networks (RNNs) can
capture context information. Among them, LSTM can use longer context by introducing
memory cells with switching mechanism [157]. To capture the context information more
accurately, bi-directional LSTM consists of two separate forward and backward layers that
are fed into the same next layer [158]. The advantage of using CTC is that it is not needed to
conduct the manual segmentation [3]. Therefore, CTC has the potential for realizing robust

sequence labeling.
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Fig. 4.2 Flowchart of bi-directional long short-term memory with connectionist temporal
classification (BLSTM-CTC)

Fig. 4.2 describes the processing flow of BLSTM-CTC. CTC takes the outputs of BLSTM
in frame-level, and then it generates an event-level sequence. CTC executes an optimization
over all possible frame-level sequences. CTC uses a loss function for sequence labeling
where the lengths of input and target sequences are different. For example, in the current
case, the input sequence is frame-level audio features and the output sequence is the event-
level behavior observations. CTC introduces the blank label in order to associate the input
sequence to the target sequence. Let X = (xj,xp,- -+ ,x7) be the input sequence where the
length is T. These values correspond to the outputs of the softmax layer of BLSTM. The
target sequence is represented as I = (1,1, -+ ,ly) where the length is L. CTC computes
all the possible intermediate paths for the target sequence. The intermediate representation
is represented as &« = (m,m,- -+ ,7r), called as CTC path, including the blank label and
repeated labels. The posterior probability of the target sequence given the input sequence is

represented as

pIX)="Y p=X), 4.1
wed(l)
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where ®(1) is the set of CTC paths including the blank labels to represent the target sequence
1. The posterior probability of each CTC path is calculated based on independence assumption
as

T
p(®|X) =[]y (4.2)
=1

where y,; is the k-th output of the softmax layer at time ¢. Note that the output of the softmax
layer contains a posterior probability for the blank label. The probability distribution of
p(11X) is efficiently computed by the forward-backward algorithm. When the model is tested,
the maximum probability is selected from the outputs of the softmax layer by the greedy
method.

In the current setting, it is assumed that the model is given an single utterance unit, then
it detects whether the utterance contains a backchannel or not. Therefore, the target sequence
consists of only two kinds of labels: backchannel and other. For example, if the person says
a dialogue content after a backchannel in an utterance unit. The target sequence is other

backchannel.

4.2.2 Laughing

Laughing displays a positive feeling towards the dialogue content. Therefore, it can be said
that laughing is also related to engagement. Although smiling has the similar function, this
study focuses on only vocal laughing because it is difficult to annotate smiling due to its
ambiguity. Various machine learning methods were also applied to laughter detection [159—
162]. Neural networks have also been applied to this problem, such as deep neural networks
(DNNs) [163], convolutional neural networks (CNNs) [164], and bi-directional long short-
term memory (BLSTM) [165]. The same architecture of BLSTM is used to detect vocal
laughing. The target label sequence consists of laughing and other. Detection of backchannels
and laughing are independently modeled because these can be uttered at the same time. The
problem formulation is the same as detection of backchannels. The used input is also the

same log-Mel filterbank features.

4.2.3 Head Nodding

Head nodding plays a role of backchannels without vocal utterance [166, 167] and is also
related to engagement. Head nodding is defined as the vertical continuous movement of the
head. Head nodding is detected from visual information captured by the Kinect v2 sensor.

Detection of head nodding has also been widely studied in the field of computer vision. Since
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detection of head nodding is formulated as the time series prediction, models that consider
context information such as conditional random fields (CRF) have been proposed [154, 150].
This study uses LSTM for this task. The Kinect v2 sensor gives the head direction in the 3D
space. A feature set contain the instantaneous speeds of the yaw, roll, and pitch of the head.
Other features were the average speed, the average acceleration, and the range of the head
pitch over the previous 500 milliseconds. An LSTM model is used with these features where
the number of dimensions was 6. The occurrence probability of head nodding is estimated
at every frame. The output sequence is smoothed with a Gaussian filter where the standard

deviation for Gaussian kernel was 3.0.

4.2.4 Eye Gaze

Eye-gaze behavior has been studied as the indicator of engagement. In this study, the eye-
gaze direction is approximated by the head orientation given by the Kinect v2 sensor. Precise
eye-gaze direction would be measured if an eye tracker was used, but non-contact sensors
such as the Kinect v2 sensor are preferable for spoken dialogue systems that interact with
users on a daily basis. Eye gaze towards the robot is detected when the distance between
the head-orientation vector and the location of the robot’s head is smaller than a threshold.
The threshold was set at 300 mm in the following experiment. The number of eye-gaze
samples per second was about 30. To convert the estimated binary states (looking or not)
to the occurrence probability of the eye-gaze behavior, a logistic function is used with a
threshold of 10 seconds.

4.3 Integration with Engagement Recognition

The behavior detection models are used in the test phase of engagement recognition. On the
detection of backchannels and laughing, the detection models output the posterior probability
of the occurrence of each behavior on each [PU. On head nodding, the posterior probability of
the occurrence of head nodding is calculated on each time-frame. On eye gaze, the posterior
probability of eye-gaze behavior is calculated with the logistic regression on each on-set
segment. For each behavior, the maximum posterior probability is used as the input of the
engagement recognition model. The maximum probability of each behavior in the 7-th turn
of the test dataset is represented as p;(m) where m is the behavior index.

The maximum posterior probabilities are converted into the occurrence probability of

each behavior pattern for the engagement recognition model. The occurrence probability of
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the /-th behavior pattern in the ¢-th turn is calculated as

M
H (1= pp(m))I=bm) (4.3)

where M, and b,, € {0, 1} denote the number of behaviors and the occurrence of the behavior
m, respectively. Note that p,(m) corresponds to the output of each behavior detection model,
and the binary value b,, is based on the given behavior pattern /. For example, when the given
behavior pattern / represents the case where both laughter (m = 2) and eye-gaze (m = 4)
occur, the binary values are represented as (by,b,,b3,b4) = (0,1,0,1). As the behavior
pattern [ is represented by the combination of the occurrences, [ = Zﬁ,"l’: 1bm - 2m=1 The
probability of engaging (Eq. (3.33)) is reformulated by marginalizing not only the character

but also the behavior pattern with its occurrence probability as

K L
pWie = 1|Py1,i,0,P) = Z Z ik Pt pr (1 (4.4)

where P;; denotes the set of the occurrence probabilities of all possible behavior patterns
calculated by Eq. (4.3).

4.4 Evaluation

In this experiment, at first, the detection accuracy of each behavior is reported. Afterward,
the detection result is integrated with engagement recognition, and the accuracy of online

engagement recognition is evaluated.

4.4.1 Automatic Behavior Detection

A detection accuracy of each behavior is reported as below. The results are summarized in
Table 4.1.

Backchannels

The BLSTM-CTC model was trained for backchannels. The number of hidden layers was
5 and the number of units on each layer was 256. The training data consisted of other 71
dialogue sessions recorded in the same manner as the dataset for engagement recognition. In
the training set, the total number of user utterances was 14,704. Among them, the number of

utterances containing backchannels was 3,931. Then, the detection model was tested with the
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Table 4.1 Detection accuracy for each behavior

behavior evaluation type precision recall F1 score

backchannels event-based 0.780 0.865 0.820
laughing event-based 0.772 0496 0.604
head nodding frame-based 0.566 0.589  0.577
event-based 0.608 0.763  0.677
eye gaze frame-based 0.190 0.580 0.286
turn-based 0.723 0.704 0.713

20 sessions which were used for engagement recognition. In the test dataset, the total number
of the subject utterances was 3,517. Among them, the utterances containing backchannels
was 1,045 Precision and recall of backchannels were 0.780 and 0.865, and the F1 score was
0.820. It can be said that the result is reasonable as the input for the engagement recognition.

Laughing

The same BLSTM-CTC model was trained for laughing as well as the backchannel detection.
The same 71 dialogue sessions were also used for training. In the training set, the number of
utterances containing laughing was 1,003 of 14,704. In the test dataset of the 20 sessions,
the utterances containing laughing was 240 of 3,517. Precision and recall scores were 0.772
and 0.496, and the F1 score was 0.604. The result suggests that detecting laughing is more
difficult than those of backchannels. One possible reason is that the distribution of the data is
more imbalanced. However, the precision score is still comparable, and the false alarm could

be suppressed in engagement recognition.

Head Nodding

An LSTM model that consists of a single hidden layer with 16 units is trained for the
detection of head nodding. Since the annotation of head nodding was done by manual only
for the same 20 sessions as the engagement recognition task, the 10-fold cross-validation
was applied. The number of data frames per second was about 30, and a prediction was
made every 5 frames. There were 29,560 prediction points in the whole dataset, and 3,152
of them were manually annotated as points where the user was nodding. Note that the data
frames on the subject’s turn were discarded. For prediction-point-wise evaluation, precision
and recall of head nodding frames were 0.566 and 0.589, and the F1 score was 0.577. For
event-wise detection, a continuous sequence of detected nodding was regarded as a head
nodding event where the duration is longer than 300 milliseconds. If the sequence overlapped

with a ground-truth event, the event was correctly detected. On an event basis, there were 855
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head nodding events. Precision and recall of head nodding events were 0.608 and 0.763, and
the F1 score was 0.677. The LSTM performance was compared with several other models
such as SVM and DNN and found that the LSTM model had the best score [168].

Eye Gaze

The eye-gaze behavior was directly detected for the 20 sessions because the process is
based on the rule. In the dataset of the 20 sessions, there were 300,426 eye-gaze samples in
total, and 77,576 samples were manually annotated as looking at the robot. For frame-wise
evaluation, precision and recall of the eye-gaze towards the robot were 0.190 and 0.580, and
the F1 score was 0.286. This result implies that the ground-truth label of eye gaze based on
the actual eye-gaze direction is sometimes different from the head direction. However, even
if the frame-wise performance is low, it is enough if the eye-gaze behavior feature can be
detected. The detection performance on a turn basis was also evaluated. There were 433
turns in the corpus, and the continuous eye-gaze behavior was observed in 115 turns of them.
For this turn-wise evaluation, precision and recall of the eye-gaze behavior were 0.723 and
0.704, and the F1 score was 0.713. This result means that this method is sufficient to detect
the eye-gaze behavior for engagement recognition. Note that some not looking states were

ignored if the duration is smaller than 500 milliseconds.

4.4.2 Online Engagement Recognition

The online engagement recognition was evaluated. The same 20 dialogue sessions were
used, and the cross-validation was conducted where 19 sessions were used for training and
the rest was for testing. Compared methods were same as the previous chapter: logistic
regression, support vector machine, multilayer perception, and the proposed model with
a unique character (K = 1). Training ways are also same: training with majority labels
(majority) and training for individual annotator (individual). Two types of the input features
were compared in the test phase: manually annotated and automatically detected. Note
that the manually annotated features were used for training in both cases. The number of
characters (K) was tested from one to five. Table 4.2 shows the difference between the
manual and automatic features. The accuracy is not degraded so much even when the input
behavior features were automatically detected. Similar to the result in Section 3.5.2, the best
number of characters (K) was 4 among the results of the automatic behavior detection. The
paired t-test was performed on the proposed model with the four characters (K = 4), and
there was no significant difference between the cases of the manual and automatic features
(t(99) = 1.45, p=1.51 x 10~"). This result indicates that the engagement recognition model
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Table 4.2 Engagement recognition accuracy of online processing

behavior detection type

method :
manual automatic

logistic regression majority 0.670 0.663
individual 0.681 0.678

majority 0.667 0.668

SYM individual 0.683 0.673
multilayer perceptron majority 0.678 0.653
individual 0.690 0.681

K =1 (no character) 0.674 0.663

K=2 0.697 0.700

latent character (proposed) K =3 0.703 0.690
K=4 0.711 0.700

K=5 0.703 0.697

can be applied in live spoken dialogue systems. Note that all detection models can run in real
time with short processing time which does not affect the decision-making process in spoken
dialogue systems.

4.5 Summary

This chapter has addressed automatic detection of the listener behaviors and how to inte-
grate them into the engagement recognition model in order to realize online engagement
recognition for live spoken dialogue systems. For detection of backchannels and laughing,
acoustic features were modeled by bi-directional long short-term memory with connectionist
temporal classification (BLSTM-CTC). BLSTM can capture the context information of the
input sequence feature. The advantage of using CTC is that it is not needed to have time-wise
annotation of the listener behaviors. For head nodding, an LSTM model was used with
visual features captured by the Kinect v2. Detection of eye gaze was implemented with a
rule of cross detection. The experimental result on the detection of each behavior showed
that each behavior can be detected by reasonable accuracy. Afterward, the detection results
were integrated into the engagement recognition model. Experimental results showed that
online engagement recognition was achieved without degrading accuracy. This real-time
engagement recognition system will be used in a dialogue experiment explained in Chapter 7.
A visualization tool for real-time engagement recognition was also implemented as shown in

Fig. 4.3. This tool visualizes not only the current engagement recognition result but also the
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Fig. 4.3 Visualization tool for online engagement recognition

recognition history so that it can show how and when the user engaged or not in the whole
dialogue.






Chapter 5

Engagement Recognition Aggregating
Different Annotators’ Models

This chapter addresses a different model for engagement recognition implemented by a
neural network. By taking advantages of neural networks, the proposed model considers
both the difference among annotators and recognition of the integrated label.

5.1 Introduction

This chapter addresses engagement recognition using a neural network. In the annotation
work done by third-party annotators, the ground truth label of engagement is sometimes
inconsistent between the annotators because the perception of engagement is subjective
and may depend on each annotator. Therefore, it is important to consider the difference
between the annotators. However, it is sometimes needed to recognize the integrated label
like majority voting in order to utilize the recognition result for applications such as spoken
dialogue systems.

A neural network is proposed to predict the integrated label by considering the different
annotators’ labels. Figure 5.1 depicts the overview of the proposed method. The proposed
neural network consists of two parts. The first part corresponds to recognition of each
annotator’s label. The second part aggregates the results of the first part to recognize the
integrated label. Each part is pre-trained one by one, and then the whole network is fine-tuned.
It is expected that the pre-training and fine-tuning lead to efficient training for the network so
that the recognition accuracy is improved. The proposed network is more natural modeling
in that each annotator’s model is captured and aggregated to recognize the integrated labels,
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and this study contributes to studies on recognition tasks with human subjectivity such as
emotion recognition.

5.2 Neural Network Aggregating Different Annotators’ Mod-

els

Each annotator’s recognition should be individually modeled in the case where the recognition
task has subjectivity. The proposed neural network consists of two parts where the first
part corresponds to each annotator’s recognition model and the second part aggregates the
different annotators’ models to recognize the majority label. Similar models that aggregate
different annotators’ models were proposed based on this two-step approach [143, 144].
These models used conditional random fields (CRF), while the proposed model uses neural
networks, with the advantage being that the whole network is fine-tuned in the end-to-end

manner.

5.2.1 Problem Formulation

Engagement recognition is done for each turn of the robot. The input is based on listener
behaviors of the user during the turn: backchannels, laughing, eye-gaze, and head nodding.
Table 5.1 summarizes the used feature set. Backchannels are distinguished into two types:
responsive interjections (such as “yeah” in English and “un” in Japanese) and expressive
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Table 5.1 Feature set of listener behaviors

behavior type feature
backchannels (1) # of respons.ive .interject.ions
(2) # of expressive interjections
laughing (3) # of laughing
(4) time ratio of gaze toward robot
eye-gaze (5) total time of gaze toward robot

(6) # of gaze switching toward robot
head nodding (7) # of head nodding

interjections (such as “oh” in English and ‘“he-" in Japanese) [139]. These features were
manually annotated on the human-robot interaction corpus. The output is binary, engaged or
not, for each turn. The reference label is based on the majority which was voted from labels

of the five annotators.

5.2.2 Network Architecture

The proposed network consists of two parts as illustrated in Figure 5.2. Each part is realized
by a linear interpolation of a GRU (gated recurrent unit) [169] and a linear transformation,
inspired by the recurrent high-way network [170]. It is expected that the GRU captures
context information through turns and the linear transformation captures local information of
the current behavior input.

The network architecture is as follows. The input vector is represented as:

Xt:(-xlla"'vxbla"'ath>T 5 (51)

where x;,; represents the feature value of the b-th behavior in the z-th robot turn. B is the
number of behavior features (B=7 in this case). In the first part, a combination of a GRU
and a linear transformation is prepared for each annotator, and it is trained to recognize
each annotator’s label. For the n-th annotator’s model, the input vector is fed into the three

functions as:

Zw = 6(GRU, (X)) , (5.2)
Ttn = G(WTnXI +an) 5 (53)
Cn= G(WCan ‘|‘an> ) (5.4)
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where n € {1,--- ,N} represents the annotator index, o(-) is the sigmoid function, and
GRU(-) is the gated recurrent unit that stores a context hidden state inside it. N is the number
of total annotators in the training data (N=12 in this case). Afterwards, the outputs of the
GRU and the linear transformation is linearly interpolated by the weight parameter as:

Ytn :Ctn'Ttn+<1 _Ctn) 'Ztn . (55)

This output corresponds to the recognition result of the n-th annotator in the #-th turn. In the

second part, the outputs of all the annotators’ models are concatenated as:
Y =1, Y, Yn)" (5.6)

The same combination of a GRU and a linear transformation is applied to the concatenated

vector to aggregate the different outputs as:

Z = o(GRU(Y,)) , (5.7)
T, = o(Wr¥, +br) , (5.8)
C = G(ch, +bc) . (5.9)

Finally, the probability of engaged in the turn is obtained in the similar way as the first part

as:

If the output E; is larger than a threshold, the ¢-th turn is recognized as engaged otherwise

not engaged.

5.2.3 Pre-training and Fine-tuning

To make the first part of the proposed method realize each annotator’s recognition and to
make the second part aggregate different annotators’ models, each part is pre-trained one
by one. Although the whole network can be directly trained by using the integrated labels,
it is expected that the pre-training leads to more efficient learning. Furthermore, the direct
training sometimes falls into the local minima. Similar to the current case, it is often the case
that each annotator partially gives ground-truth labels. In other words, some annotations of
individual annotators are missing. In this case, the separated pre-training and fine-tuning

would be a practical approach.
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At first, the first part is trained by using each annotator’s labels. Using the n-th annotator’s
labels, the n-th annotator’s model is trained. The cost function is the squared error as

Y, =Y |%, (5.11)

where Y}, € {0, 1} is the reference label of the n-th annotator in the #-th turn. Second, after
fixing the first-part parameters, only the second part parameters are trained by using the

integrated labels. The cost function is also the squared error as

E—E[?, (5.12)
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where E/ € {0, 1} is the integrated reference label (the majority label) in the z-th turn. Finally,
the whole network is fine-tuned by using the integrated labels in the end-to-end manner. The

cost function is same as the second part.

5.3 Evaluation

The proposed model is evaluated with cross validation of the 20 dialogue sessions, with 19
used for training and the rest for testing per fold. The input behavior features were manually
annotated. The settings of the proposed model are as follows. The Adam algorithm was used
as the optimizer [147]. The mini-batch size corresponded to one session. The number of
epochs were 30 and 100 for the fine-tuning and the pre-training, respectively. The dropout
rate was set at 0.2. The neural networks was implemented with Chainer 3.5.0! The reference
labels were the majority labels where each session was annotated by five annotators. The
probability of engaged (Eq. (5.10)) was calculated for each robot turn. The accuracy score
was calculated by getting the decision threshold at 0.5. This score is a ratio of the number
of the correctly recognized turns to the total number of the turns. The final evaluation was
the averaged accuracy among all folds in the cross validation. The chance level was 0.617
(=267/433).

5.3.1 Effectiveness of Aggregating Different Annotators’ Models

The proposed model is compared with some methods which do not consider the different
annotators’ models. The first method is a single-layer network using the combination of a
GRU and a linear transformation, referred to as one-layer. This method was directly trained
with the integrated labels. The second method is the same architecture of the proposed
model but conducted only the fine-tuning directly without the pre-training, referred to as
two-layers (only fine-tuning). Additionally, a method without the fine-tuning was tested,
referred to as two-layers (only pre-training). This method partially corresponds to the earlier
studies [143, 144].

The results are summarized in Table 5.2. The proposed method achieved the higher
accuracy than the others. Comparing the one-layer model (B) with the two-layer models
(C-E), the two-layer models had higher accuracies. This suggests that the more complicated
network is effective to recognize the overall integrated label. Comparing the proposed
method (E) with the fine-tuning only model (C), the pre-training is effective for this task

and aggregating different annotators’ models is important. Finally, the proposed method

Thttps://chainer.org
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Table 5.2 Recognition accuracy

method accuracy
(A) chance level 0.617
(B) one-layer 0.639

(C) two-layers (only fine-tuning) 0.686
(D) two-layers (only pre-training)  0.685
(E) proposed 0.728

Table 5.3 Recognition accuracy without each feature on the proposed method

eliminated feature accuracy
nothing 0.728
(1) # of responsive interjections 0.730 (A 0.002)
(2) # of expressive interjections 0.712 (v 0.016)
(3) # of laughing 0.696 (v 0.032)

(4) time ratio of gaze toward robot 0.724 (v 0.004)
(5) total time of gaze toward robot 0.698 (v 0.030)
(6) # of gaze switching toward robot  0.697 (¥ 0.031)
(7) # of head nodding 0.713 (v 0.015)

(E) showed higher accuracy than the pre-training only model (D). This gain is derived from
the advantage of using neural networks where the whole network can be fine-tuned in an

end-to-end manner.

5.3.2 Identifying Important Features

The effect of each behavior feature was also examined. The proposed model was tested by
eliminating each of the features. The results are reported in Table 5.3. Note that the greater
the decrease in accuracy, the more effective that feature is for the model. For backchannels,
the responsive interjections (1), such as “yeah”, was not so useful for the model. On the other
hand, expressive interjections (2), such as “oh”, are important because they are reactions
toward what was said and better reflects the interest of the listener. laughing (3) is the
most effective, so this behavior is important for engagement recognition. With regard to
eye-gaze, while time ratio (4) was not effective, the total time duration (5) and number of
gaze switching (6) were effective. Finally, head nodding (7) was also effective.
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5.4 Summary

A neural network for engagement recognition has been proposed. Since perception of
engagement is subjective, the ground-truth data depends on each annotator. A network
aggregating different labels may help recognition of integrated labels (e.g., majority voting).
The proposed method consists of two parts - recognition of each annotator’s label, and
aggregation of different annotators’ models to recognize the overall integrated label. Each
part is realized by the linear combination of the GRU and the linear transformation. The
first part was pre-trained with the different annotators’ labels, and the second part was also
pre-trained with the integrated labels by fixing the parameters of the first part. Afterward, the
whole network was fine-tuned. The experimental result shows that pre-training both each
annotator’s model and aggregation of different annotators’ models is effective. The result
also indicates that laughing and some eye-gaze features are informative in this engagement

recognition task, followed by expressive interjections and head nodding.



Chapter 6

Implementation on Autonomous
Android ERICA

This chapter addresses an application of engagement recognition. At first, the android robot
ERICA together with specific social roles is introduced. Afterward, the real-time engagement
recognition is implemented in a spoken dialogue system of laboratory guide by ERICA.

6.1 Introduction

It is important for conversational robots to adaptively generate actions and behaviors of
robots in accordance with user engagement. As mentioned in Section 2.3, a few studies
have been made on the adaptive generation. Here, the real-time engagement recognition
model is applied to a live spoken dialogue system. This chapter argues the effectiveness of
engagement recognition through subject experiments.

The research and development of the android robot ERICA have been conducted [132,
171]. ERICA is designed as a 23-year-old woman. Her design concept is to contain both the
friendliness as an android robot and a sense of existence as a human being. The appearance
of her face and body is artificially produced in reference to characteristics of beautiful ladies.
ERICA mounts 46 active joints inside to move her face, head, shoulder, arms, hands, and
back. The flexibility of her face has diversity, including eyebrow, eyelids, lip, eyeballs, and
tongue. This enables the robot to generate various facial expressions. Therefore, ERICA
is able to generate not only verbal responses but also non-verbal behaviors such as facial
expression, eye gaze, head nodding, and gestures, in order to convey a variety of her internal
states.
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Fig. 6.1 System architecture of ERICA

It is expected for ERICA to realize the natural dialogue by integrating the human-like
appearance with various kinds of behaviors. However, it is challenging to cover any types
of conversations from scratch. Accordingly, at first, ERICA is given some specific social
roles, aiming to realize the natural dialogue under each occasion. In the current setting,
considered social roles are attentive listening, job interview, speed dating, and laboratory
guide. Especially in the role of laboratory guide, ERICA mainly explains a laboratory to a
user. In other words, ERICA holds the initiative of the dialogue and the ratio of utterance
amount of ERICA is high. In this case, it is possible to utilize engagement recognition
based on listener behaviors of the user so that ERICA can control the dialogue flow and her
behaviors adaptively in order to realize the more user-friendly guidance. The advantage of
using the android robot ERICA in this dialogue is to be able to generate various behaviors
such as backchannels, head nodding, and eye gaze. These robot behaviors elicit user behaviors
so that user engagement can be measured in the same manner as the case of the natural
human-human dialogue.

6.2 System Architecture

A multimodal interactive system is implemented for ERICA. Figure 6.1 illustrates the entire
configuration. The input sensors consist of a microphone array and a depth camera. These
sensors are located around ERICA, not on the android, which increases the degree of freedom

of sensor arrangement.
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6.2.1 Speech Localization and Recognition with Microphone Array

The microphone array captures multi-channel audio signals and identifies which direction
the acoustic signal comes from. Here, the sound source localization is realized by the
multiple signal classification (MUSIC) method [172-174] with a 16-channel microphone
array. Afterward, the input speech is enhanced by using the delay-and-sum beamforming.
Prosodic information including fundamental frequency (FO) and power is calculated from
the enhanced speech.

The automatic speech recognition (ASR) in ERICA is done by using the enhanced speech.
Distant speech recognition elicits more natural human behavior because the user can use their
arms and hands to show gestures. The used ASR is based on the acoustic-to-word end-to-end
model that integrates the acoustic and language models into one neural network by utilizing
the attention mechanism [175]. One of the advantages of making use of the above end-to-end
model is that the processing time is quite fast so that the entire dialogue system can be stable
even if the user talks a lot quickly. To realize the distant speech recognition, the training
data consisted of a multi-condition speech audio where various noises and reverberations are

contaminated.

6.2.2 Speaker Tracking with Depth Camera

To realize smooth interaction, it is essential for the system to correctly identify who talks
to whom and if the user is giving his/her attention toward ERICA. The system tracks the
location of users surrounding ERICA and also tracks those head orientations in the 3D space
by using the Kinect v2 sensor. The user localization enables ERICA to spot if there is a
person who wants to interact with her. ERICA identifies if the user is speaking to her by
the head orientation. This enables ERICA not to respond to the talking between people, for
example when a person introduces ERICA to a guest standing in front of ERICA. ERICA
accepts user utterances when the following are met: the user is standing in front of ERICA
and looking at ERICA’s face, and the sound source is coming from the direction of the user.
This function is needed when a demonstration is conducted for many people such as open
laboratory events.

6.2.3 Text-To-Speech for ERICA

The speech of ERICA is generated by a text-to-speech engine that was developed for ERICA.
It is based on the unit-selection framework from a database of many conversational-style

utterances. It also contains many formulaic expressions and backchannels with a variety of
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prosodic patterns. At the same time, lip and head movements of ERICA are generated based
on the prosodic information of the synthesized speech signals [134, 135].

6.3 Social Roles Played by ERICA

ERICA is aimed to realize natural and smooth dialogue with humans. To this end, some
specific social roles are given to ERICA. Figure 6.2 illustrates the social roles on the two
axes representing the trade-off relation: roles of listening and speaking. It is important for
ERICA to cover the wide range of these axes comprehensively. As the case where the role of
listening is dominant, attentive listening and job interview are considered. As the opposite
case where the role of speaking is dominant, laboratory guide is addressed. As the mixed case
where the roles of listening and speaking are balanced, speed dating is considered. Dialogue
data also has been collected where the tele-operated ERICA was playing each social role
by interacting with a human subject. The data will be used to train dialogue models for
autonomous systems. In the long term, ERICA is expected to replace these human beings
with comparable performance. The following explains the system and feasibility for each

social role.

6.3.1 Attentive Listening

Attentive listening is to listen to the user talk carefully and to give feedbacks occasionally
in order to encourage the user to talk more. A function of attentive listening is needed for
counseling systems [66] and also casual conversation partner systems for elderlies. The
attentive listening function consists of generating both bacchanals and additional listener

feedbacks. To generate appropriate backchannels, it is needed to predict the timing and form
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of the backchannel depending on the user utterance. Backchannel forms have a variety of
different functions: one is to encourage the user to keep talking (continuer), and the other
is to show a reaction to the user utterance (assessment) [176]. The automatic prediction on
both the timing and form of backchannels have been studied and implemented [177, 178].
The additional listener feedbacks are short linguistic utterances toward the content uttered by
the user, such as repeating a focus word, elaborating questions, evaluating responses, and
lexical responses [179]. At first, a focus word of the user utterance is extracted by a heuristic
rule. The focus word is directly used to generate a feedback of repeating the focus word. The
elaborating question is generated by considering a pair of each interrogative and the focus
word. For example, when the focus word is movie and an interrogative which is selected,
a question is consequently generated like “Which movie did you watch?” The evaluating
response is based on the sentiment polarity (positive or negative) of the user utterance. Each
word of the user utterance is compared with sentiment word dictionaries! [180]. If the user
utterance contained positive words, ERICA would say such as “That is good.” and “That
is nice.” On the other hand, if the user utterance contained negative words, utterances of
ERICA would be such as “That is bad.” The lexical responses are fixed responses such as
“I see.” and “It is right.” Note that the uttered lexical response is selected based on the end
form of the user utterance. Since each module generates each response independently, it is
needed to select the suitable one. Here, it is selected by a rule based on the user silence. For
example, if the system generates both repeating the focus word and an elaborating question,
the current rule at first utters repeating the focus word. After that, if the user in silence for
several seconds or if the user says only short utterances such as fillers, the system utters the
elaborating question. Note that the above modules are implemented to process in real time.

A dialogue example is as follows. Note that U and E correspond to utterances by the user
and ERICA, respectively. Besides, during the user utterances, ERICA generates backchannels
at an appropriate timing.

Ul I am going to give a talk about my traveling to Europe last year.

E1 Europe. (Repeating the focus word)

U2 Yeah. At first, I went to France.

E2 France. (Repeating the focus word)

U3 Yeah. There are a lot of places for sightseeing. Then, I went to a museum there.
E3 A museum. (Repeating the focus word)

E4 Which museum was it? (Elaborating question)

U4 It was the Louvre museum.

Thttp://www.gsk.or.jp/en/catalog/gsk2011-c/
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ES Isee. (Lexical response)
US Ireally enjoyed so many painting and sculptures there.

E6 That is nice. (Evaluating response)

6.3.2 Job Interview

The job interview dialogue is organized and is system-initiative where the interviewer
(ERICA) can control the dialogue flow. Therefore, the job interview dialogue can be
implemented with such as the finite state transition. Although conventional systems for job
interview could make questions that were defined in advance [69], the proposed system aims
to dynamically generate elaborating questions according to interviewee (user) utterances.
It is expected that the dynamic elaborating questions make the interviewee more diligent
and engaged in the dialogue so that the system can elicit enough amount of information
from the interviewee for the decision-making of the result of the job interview. A set of
elaborating questions is prepared in advance, but the suitable one is automatically selected
according to the preceding interviewee’s response. For example, if the interviewee had
already mentioned, the interviewer would not select an elaborating question that asks about
the already-mentioned topic. Furthermore, to dynamically generate an elaborating question, a
keyword is extracted from the interviewee’s response. Then, the system asks the interviewee
to explain about the keyword. The extracted keyword is the frequent and rare word measured
by such as tf-idf [181]. Note that the above modules are independent of the kind of industry
and company so that the system can be applied to any situations of the job interview.

A dialogue example is as follows.

E1 What is the reason why you applied to our company?

U1 I applied to this company because I studied informatics in my university.

E2 1 see. Do you have any experiences that are useful in this company? (Elaborating
question)

U2 My research theme was about deep learning. I have studied deep learning to solve some
problems.

E3 That is interesting. Could you explain deep learning? (Elaborating question with a
keyword)

U3 Well, itis a kind of machine learning method to train a non-linear prediction/discriminative
model from a large amount of data.

E4 1 see. Thank you.
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6.3.3 Speed Dating

Speed dating is a dialogue between a male and a female who meet each other for the first
time. They talk about such as their hobbies and profiles to identify if they will be able to
keep the relationship in the future. Some studies were made on analyses and prediction in
a speed dating dialogue corpus [182, 183]. People are expected to be more engaged in the
speed dating dialogue than the case of normal chatting because there exists a clear purpose of
the dialogue. The range of conversational topics can be restricted to some that people use in
the first-encounter dialogue. However, it is difficult to implement the speed dating dialogue
system due to the mixed initiative where the initiative is frequently exchanged among them.
A preliminary dialogue system for speed dating was implemented with ERICA. At first,
conversational topics were defined. These topics are thought to be frequently used in the
first-encounter dialogue. Then, a response table for ERICA is prepared to respond to user
questions. An ERICA’s response was prepared for each pair of topic and interrogative. For
example, for the pair of hobby and what, the ERICA’s response is “My hobby is reading
books.”. A question sentence of ERICA was also prepared on each pair so that ERICA can
make the question on the corresponding topic. Here, a dialogue system was implemented
for ERICA making a question by taking the initiative when the user is silent for several
seconds or that a configurable internal state of ERICA such as liking is higher. To handle
the mix-initiative dialogue, a dialogue act classification was utilized in order to classify the
user utterance into a question or others [184]. If the user utterance contains a question, the
system makes a question with the response table. Otherwise, ERICA says a response towards
the user statement, such as “That is nice”. It is an issue of how to handle other topics where
ERICA’s utterances are not prepared. If ERICA says the same backup utterance such as
“Sorry. I do not know.” every time for this case, the user would be disengaged in the dialogue.
Therefore, it is needed to generate other backup utterances that can keep user engagement.

A dialogue example is as follows.

Ul What is your hobby?

E1 My hobby is watching movies.

U2 What did you watch recently?

E2 1 watched Star Wars last week.

E3 What movie did you watch?

U3 Well, I watched Alice in Wonderland last month.
E4 That is nice.
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6.3.4 Laboratory Guide

In the role of laboratory guide, ERICA holds the dialogue initiative and talks in most of the
time. Some studies on information navigation have been made [67, 185]. Although it is easier
to implement the autonomous system of a laboratory guide, users tend to be disengaged in
the dialogue because the users say few utterances. In this study, a dialogue system that tracks
user engagement is implemented by utilizing the real-time engagement recognition model.
According to user engagement, the system adaptively generates a feedback towards the user
in order to increase and keep user engagement. This system will be explained in the next

section.

6.4 Adaptive Behaviors based on Engagement Recognition

A dialogue system for ERICA was implemented to play a role of the laboratory guide so
that ERICA utilizes the real-time engagement recognition model. The dialogue content
of the laboratory guide included several research topics. The dialogue structure of each
topic is illustrated in Fig. 6.3. Each topic consisted of 6 subtopics where each subtopic
corresponds to each research theme. Each subtopic included two ERICA’s turns. In each turn,
an engagement score was measured by the recognition model, and the result was regarded as
a binary: high or low, by a threshold of 0.5. ERICA was implemented to generate feedback
responses according to the combination of the two engagement scores from the continuous

two turns. In this case, three kinds of feedbacks were prepared. When both scores were
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high or the scores change from low to high (increase), ERICA said feedbacks like “You
seems to be interested in my talk. I am delighted.” in order to keep the current engagement
(KEEP feedbacks). When the scores changed from high to low (decrease), ERICA said a
different type of feedbacks such as “Are you tired? I will explain it in easier words.” to gain
attention from the user (ATTENTION feedbacks). When both scores were low, ERICA said
another type of feedbacks such as “Are you nervous? Please relax.” to ease the tension of the
user like ice-breaking (/ICE-BREAK feedbacks). Furthermore, when after a KEEP feedback,
ERICA gave an additional explanation to the user to elaborate the current subtopic (Turn 3).
Note that when after an ATTENTION or ICE-BREAK feedback, ERICA shifted the dialogue
to the next subtopic. It was expected that these adaptive behaviors including the feedbacks
and the additional turns made the user more engaged in the laboratory guide.

A subject experiment was conducted in order to confirm the effectiveness of engagement
recognition and the adaptive behaviors. Fig. 6.4 is the snapshot of the dialogue experiment.
In this experiment, a subject and ERICA sat on each chair to face each other. To elicit listener
behaviors of the subjects, ERICA generated backchannels and head nodding automatically
during the subjects’ turns [178]. The subjects were 11 persons (6 males and 5 females) who
were recruited inside the university. The experiment procedure is as follows. At first, each
subject had a practice dialogue to get used to talking with ERICA. They practiced a simple
interaction consisting of several turns. Then, each subject talked about two research topics:
automatic speech recognition and spoken dialogue systems. The order of dialogue topics was

randomized among the subjects. Two experiment conditions were prepared: engagement and
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Table 6.1 Evaluation scale for internal user states (* means invert scale.)

internal state question
(1) I felt the dialogue was boring. *
(2) I want to talk about other topics more.
(3) I was fascinated by the dialogue content.
(4) I was not concerned with the dialogue content. *
(5) I wanted to quit the dialogue during that. *
continue (6) I think the dialogue should finish earlier. *
(7) I wanted to continue the dialogue more.
(8) I wanted to make the dialogue fulfilling.
(9) I could not feel like talking. *
(10) I participated in the dialogue by concentrating on that.
willingness  (11) I felt that what I needed to do was just being there. *
(12) I actively answered the questions from the robot.
(13) I actively responded to the robot talk.
(14) I liked the robot.
(15) I felt the robot was friendly.
trust (16) I was relieved when I was having the dialogue with the robot.
(17) I could trust the dialogue content the robot talked.
(18) I could understand what emotion the robot was having.
(19) I could agree with the idea the robot had.
(20) I could advance the dialogue by considering the viewpoint from
empathy the robot.
(21) I could understand the reason why the robot had that kind of
emotion.

interest

control. In the engagement condition, ERICA measured engagement scores and generated
adaptive behaviors mentioned above. In the control condition, ERICA did not generate any
adaptive behaviors, which meant only the turn 1 and 2 were explained. The dialogue of
the first topic was conducted with the control condition, and the second topic was done
with the engagement condition. The order of these conditions was not randomized because
it was thought that the adaptive behaviors in the engagement condition would affect the
subjects’ behaviors and impressions in the subsequent topic. Among the two conditions,
measured engagement scores were compared. On the setting of the engagement recognition
model, the character distribution was based on the mapping from the personality traits of the
perceiver (ERICA), and extroversion was set at the maximum value, which was expected to
the laboratory guide.

Additionally, subjective evaluation on internal user states was made after they talked

about each topic. The internal user states included interest, continue, willingness, trust, and
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empathy. To measure them, concrete question items were considered, as listed in Table 6.1.
Two related researchers independently validated each question item by considering both
the relevance to the internal state and also the correctness of the question sentence. In the
experiment, each subject evaluated each item in the 7 point scale. Finally, the evaluated
scores were averaged for each internal state. As described in Section 2.1, these internal states
are related to engagement so that it was expected that the scores of them would be improved
by the adaptive behaviors in the engagement condition.

Average engagement scores are reported in Fig.6.5. Since each topic consisted of 6
subtopics and each subtopic included two turns, the total number of turns was 12. Note that
scores of the additional turns in the engagement condition are not included in this result. The
difference between the two conditions was observed in the latter part of the dialogue. Paired
t-tests were conducted on the scores of each turn between the two conditions. As a result, it
turned out that the engagement condition significantly increased the engagement scores in
7-th and 9-th turns (p < .01). In addition, the tendencies of improvement were also observed
in 8-th, 10-th, and 12-th turns (p < .1). This result suggests that the adaptive behaviors in
the engagement condition made the subjects more engaged in the dialogue. Accordingly,
engagement recognition is the important function in social human-robot dialogue such as the
laboratory guide.

Average subjective scores on internal user states are reported in Fig. 6.6. For each internal
state, a paired t-test was conducted between the two conditions. The results show that the
scores of interest and empathy significantly increased in the engagement condition (p < .05
for interest and p < .01 for empathy). One possible reason is that the additional explanation
made the subjects more be interested in the research topic. Besides, the feedback responses
were perceived as emotional expressions of ERICA so that the perceived empathy scores

increased.

6.5 Summary

This chapter has addressed applications of engagement recognition for the android robot
ERICA. Specific social roles are set for ERICA as attentive listening, job interview, speed
dating, and laboratory guide. The real-time engagement recognition model was applied to
the dialogue of laboratory guide. In the laboratory guide, since ERICA talks in the most of
the time, ERICA needs to track user engagement based on listener behaviors while ERICA 1is
speaking. ERICA was implemented to adaptively generate feedback responses and additional
explanations by measuring user engagement. The experimental results showed that the
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adaptive behaviors increased the engagement scores and internal user states of interest and

empathy.



Chapter 7

Speaker Diarization using Eye-gaze
Information

This chapter addresses speaker diarization toward multi-party conversations. A multimodal

speaker diarization method using eye-gaze information is proposed.

7.1 Introduction

Handling multi-party conversations is a challenging task for conversational robots. Speaker
diarization is to identify “who spoke when” in multi-party conversations and is an important
function for conversational robots that participate in multi-party conversations. A number of
diarization methods have been investigated from the standpoint of acoustic signal process-
ing [186—188]. In real multi-party conversations, the diarization performance is degraded
by adversary acoustic conditions, such as background noise [186] and distant talking [189].
To solve the problem, some studies tried to incorporate multimodal data such as motion and
gesture [190, 188, 191].

A multimodal diarization method is proposed in order to integrate eye-gaze information
with acoustic information. The eye-gaze behavior plays an important role in turn-taking
in multi-party conversations [36, 192]. For example, it is often observed that eye-gaze
directions of participants tend to intersect each other when they change the conversational
turn. Although it is known that eye-gaze information can be used to predict participants’
utterances [37, 193, 39], eye-gaze information has not yet been integrated in speaker di-
arization tasks. The proposed method extracts acoustic and eye-gaze features, which are
stochastically integrated to detect utterances. The findings of this study would be helpful
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Table 7.1 Total utterance duration [sec.]

session ID  presenter audience 1 audience2  total

140206-01 1,251 19 227 1,497
140206-02 1,406 283 164 1,853
140206-03 1,333 328 170 1,831
140206-04 1,495 129 102 1,726
140207-01 1,343 164 123 1,630
140207-02 1,229 134 117 1,480
140207-03 1,205 106 267 1,578
140207-04 1,208 216 135 1,559

total 10,470 2,684 13,154

to design multimodal spoken dialogue systems or conversational robots to realize smooth

dialogues with a user.

7.2 Multimodal Corpus of Poster Conversations

Multimodal conversational data has been collected in poster sessions (= poster conversations),
where a presenter made an interactive presentation to a small audience. To analyze poster
conversations, “‘the smart posterboard” has been developed. This is a recording environment
equipped with multimodal sensing devices such as a microphone array and cameras [194].
The smart posterboard system consists of a 19-channel microphone array, Kinect sensors, and
HD cameras, which are attached to a large LCD, showed in Fig. 7.1. With this setting, eight
poster sessions were recorded. In each session, one presenter made a poster presentation
on his/her academic research, and there was an audience of two persons, standing in front
of the poster and listening to the presentation. The duration of each session was 20 to 30
minutes. Speaker diarization and detection of backchannels are conducted with the sensors
(the microphone array and Kinect) attached to the posterboard, so the participants do not have
to wear any devices. For the ground truth annotation of the data used in this work, however,
speech data were also recorded with a wireless headset microphone, and participants’ head
locations and orientations were captured by magnetometric sensors.

Table 7.1 summarizes the total utterance duration in the recorded sessions. While the
presenter holds a majority of the turns, utterances by the audience (audience 1 and 2) are
not frequent, which means it would be difficult to detect these utterances accurately. The

audience’s backchannels account for about 40 percent of their utterance duration.
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Camera §

Fig. 7.1 Smart posterboard

7.3 Multimodal Speaker Diarization

This section describes the proposed speaker diarization method which integrates acoustic

and eye-gaze information.

7.3.1 Baseline Acoustic Method

Conventional speaker diarization methods have used mel-frequency cepstral coefficients
(MFCCs) [186, 188] and directions of arrival (DOA) of sound sources [195-198] as acoustic
features. An acoustic baseline method in this study detects participants’ utterances based on
DOAs derived from the microphone array.

The multiple signal classification (MUSIC) method [172, 173] is used in order to detect
multiple DOAs simultaneously. The MUSIC spectrum M, () is calculated based on the
orthogonal property between an input acoustic signal and a noise subspace. Note that 0 is
an angle between the microphone array and the target of estimation, and ¢ represents the
time frame. The MUSIC spectrum represents the DOA likelihood, and the large spectrum
suggests that a participant makes an utterance from that angle. To calculate the spectrum,
it is needed to determine the number of sound sources. In this study, the number of sound
sources is predicted with an SVM using the eigenvalue distribution of a spatial correlation
matrix [199].
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7.3.2 Multimodal Method Integrating Eye-gaze Information

The proposed method incorporates eye-gaze information to speaker diarization. The method
first extracts acoustic and eye-gaze features to compute a probability of speech activity
respectively, then it combines the two probabilities for the frame-wise decision. The process
is conducted independently on every time frame ¢ and for each participant i.

Acoustic Features

The acoustic features are calculated based on the MUSIC spectrum. The i-th participant’s
head location 0; is tracked by the Kinect sensors. The possible location of the participant is
constrained within a certain range (£6p) from the detected location 6;;. The acoustic features

of the i-th participant in the time frame ¢ consist of the MUSIC spectra in this range as
a; = (Ml‘ (eit - 93) ) aMl‘ (eit) s 7Mt (eil‘ + 93)) . (71)

Eye-gaze Features

The eye-gaze direction used in this study is approximated by the head orientation estimated
from RGB and depth images captured by the Kinect sensor. The head orientations are tracked
by a particle filter [200]. The eye-gaze object is determined by the head-orientation vector
and the location of the objects. In this work, the object is limited to the poster and the other
participants.

The eye-gaze features are designed based on the eye-gaze objects of the i-th participant

and a conversational partner. The eye-gaze feature vector g;, consists of the followings:

1. Eye-gaze object
This feature represents which object the i-th participant looks at. For the presenter, (P)

poster or (/) audience; For (anybody in) the audience, (p) poster or (i) presenter.

2. Joint eye-gaze event: “Ii”’, “Ip”, “Pi”, “Pp”
This feature represents combination of the eye-gaze objects of both the i-th participant
and the conversational partner. For example, “Ii”” and “Pp” correspond to mutual gaze

and joint attention, respectively. The definition of the event is summarized in Table 7.2.
3. Maximum duration of each state of the above 1.
4. Maximum duration of each state of the above 2.

5. Uni-gram and bi-gram of the above 1.

This feature represents the transition of the eye-gaze objects.
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Table 7.2 Definition of joint eye-gaze events

presenter
gaze at audience (/) poster (P)
. presenter () I Pi
audience poster () I Pp

6. Uni-gram and Bi-gram of the conversational partner’s eye-gaze objects

The first and the second features are calculated for the time frame ¢, and the others are

measured within the preceding period (the preceding C milliseconds).

Multimodal Integration Model

The acoustic features a;; are integrated with the eye-gaze features g, to detect the i-th
participant’s speech activity v;, in the time frame z. Note that the speech activity v;, is binary:
speaking (vi; = 1) and not speaking (v;; = 0). Here, the probabilities are linearly interpolated
in the late fusion manner [188]:

fie(air,8¢) = a p(vie = la;i) + (1 —a) p(vie = 1|g;) , (7.2)

The parameter « € [0, 1] is a weight coefficient. Each probability is computed by a logistic
regression model. It is also possible to combine the two feature sets in the feature domain and
directly compute a posterior probability p(v|a;,g;,). Compared with this joint model, the
linear interpolation model has a merit that training data does not need to be aligned between
the acoustic and eye-gaze features because of independence of the two discriminative models.
Furthermore, the weight coefficient & can be appropriately determined based on the acoustic
environments such as signal-to-noise ratio (SNR). Here, it is estimated using an entropy 4 of

the acoustic posterior probability p(vi|a;) [201, 202] as

o = O X

7.3
— (7.3)
where /. and @ are an entropy and an ideal weight coefficient in a clean acoustic environment,
respectively. When the estimated weight coefficient is larger than one or less than zero, the
coefficient is set to one or zero, respectively. For online processing, the coefficient is updated
every 15 seconds by using the preceding 15-second data.
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7.4 Evaluation

The proposed method was compared with other methods that do not use eye-gaze information,

using the corpus of the poster conversations described in Section 7.2.

7.4.1 Setup

Logistic regression models were trained separately for the presenter and the audience by
cross-validation of the eight sessions. To evaluate one session, the other seven sessions were
used for training. For the proposed multimodal method, the training data were also used
for training of the SVM which determines the number of sound sources, and calculating
the entropy /. of the clean acoustic environment. The constrained range of the MUSIC
spectra of the acoustic features was 10 degrees (6 = 10°). This setting was intended to
prevent overlapping between the participants. Since the MUSIC spectrum was calculated
every 1 degree, the dimension of the acoustic features was 21. The scope to calculate the
duration and bi- and tri-grams in the eye-gaze features was 1,000 milliseconds (C = 1,000).
Frame rates per second of the acoustic and eye-gaze features are 62.5 and 29.5, respectively.
Consequently, an interpolation using the nearest sample was done to the eye-gaze features.
The ideal weight coefficient o (Eq. (7.3) ) in a clean environment was set to 0.9.

To evaluate performance under ambient noise, audio data are superimposed with a
diffusive noise recorded in a crowded place on the 19-channel audio signals. SNRs were set
to 20, 15, 10, 5, and 0 dB. In real poster conversations carried out in academic conventions,
the SNRs are expected to be around O to 5 dB.

The proposed multimodal method was compared with other methods listed below:

1. baseline MUSIC [197]
This method conducts peak tracking of the MUSIC spectrum and GMM-based cluster-
ing in the angle domain. Each cluster corresponds to each participant. This method

does not use any cue from visual information.

2. baseline with location constraint [203]
This method also performs peak tracking of the MUSIC spectrum, and compares the
detected peak with the estimated head location within the 6p range. If this constraint is
not met, the hypothesis is discarded.

3. acoustic-only model
This method fixes the weight coefficient o to 1 in Eq. (7.2), and uses only the acoustic

information.
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Table 7.3 Diarization error rate

SNR [dB]
method = 50 15 0 5 0 ave.
baseline MUSIC 1528 20.44 2834 4280 64.09 87.22 43.03
baseline with location constraint 776 13.66 21.18 3549 55.27 77.81 35.20
acoustic-only model 6.52 7.60 9.63 14.20 2233 3434 15.77
multimodal model 735 855 1073 1423 1821 21.22 13.38

For an evaluation measure, diarization error rate (DER) [204] was used in this experiment.

DER consists of false acceptance (FA), false rejection (FR), and speaker error (SE) as

#FA +#FR +#SE o
#S

DER =

100,

where #S is the number of speech frames in the reference data. This metric does not evaluate
4 250 milliseconds collars of the reference utterance segments. The minimum DER was
evaluated by varying the threshold for Eq. (7.2) after smoothing (hangover) the detected
utterance segments.

7.4.2 Results

Table 7.3 lists DERs for each SNR. The two baseline methods (baseline MUSIC and baseline
with location constraint) showed lower accuracy than the stochastic methods (acoustic-only
model and multimodal model) because the baseline methods are rule-based and not robust
against dynamic changes of the MUSIC spectrum and the participants’ locations. Compared
with the acoustic-only model, the proposed multimodal model achieved higher performance
under the noisy environments (SNR = 5, 0 dB). Meanwhile the acoustic-only model was
slightly better than the multimodal model under clean environment because the acoustic
information would be dominant in that case. Thus, the effect of the eye-gaze information can
be seen under noisy environments expected in real poster sessions.

The weight coefficient o in Eq. (7.2) was also manually tuned with the step size of 0.1.
In the clean environment (SNR was oo dB), the optimal weight was 1.0. On the other hand,
in the noisy environments (SNRs were 5 and 0 dB), the optimal weights were 0.6 or 0.5.
These results suggest that the weight of eye-gaze features is adequately increased in noisy
environments. The average DER of the manual tuning was 11.78%, which is slightly better
than the result (12.92%) by the automatic weight estimation (Eq. (7.3)). Therefore, the

automatic weight estimation works reasonably according to the acoustic environment.
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Table 7.4 Equal error rate on voice activity detection of presenter

SNR [dB]
method = 50 15 0 5 0 ave.
baseline MUSIC 1298 13.61 1532 1698 20.41 26.35 17.61
baseline with location constraint 20.41 19.84 20.17 21.50 24.19 28.14 22.38
acoustic-only model 9.81 10.11 11.40 14.31 19.03 25.19 14.98
multimodal model 10.47 10.19 11.46 1447 19.71 25.61 15.32
Table 7.5 Equal error rate on voice activity detection of audience
SNR [dB]
method - 50 5 0 5 0 ave.
baseline MUSIC 1943 24.03 26.27 29.37 3337 38.40 2848
baseline with location constraint 22.90 25.55 28.46 29.52 33.77 38.57 29.80
acoustic-only model 19.82 23.07 25.35 2847 32.66 37.76 27.86
multimodal model 19.86 23.08 25.25 28.02 31.84 36.12 27.36

Voice activity detection was separately evaluated on the presenter and the audience
because there is a bias in utterance amount among them. The used evaluation metric was the
equal error rate (EER) that is a value where the false acceptance ratio (FAR) equals the false
rejection rate (FRR). FAR and FRR are calculated as

#FA

FAR=—— x 1 4
xS < 100 (7.4)
#FR

FRR = — x 100 . 75
rrake (7.5)

Note that #NS is the number of non-speech frames in the reference data. For simplicity of
the voice activity labels of the two audiences, a union set of them was used. For example, in
the frame where if at least one audience is speaking, the reference label is positive. On the
other hand, if no audience is speaking, the reference label is negative.

The results on EERs are listed in Table 7.4 for the presenter and in Table 7.5 for the
audience. There is no improvement by the proposed method in the result of the presenter.
Since the presenter speaks at most of the time in poster conversations, it is easier to detect
the voice of the presenter. On the other hand, the proposed multimodal model improved the
accuracy in noisy environments.
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7.5 Summary

A multimodal speaker diarization method that integrates eye-gaze information with acoustic
information has been proposed. The acoustic feature is based on sound source localization
and the eye-gaze feature is calculated from the joint eye-gaze events. These features are
stochastically integrated to detect the existence of utterances. The stochastic multimodal
scheme improved the performance of speaker diarization and the effect of eye-gaze informa-
tion is confirmed in the noisy environments which are expected in real poster sessions. It
is expected that this multimodal speaker diarization will be implemented in the system of
ERICA to handle multi-party conversations.

As an application to visualize the diarization results, a poster session browser was
developed as showed in Fig. 7.2). This tool can be executed on Web browsers. This makes it
possible to effectively review meaningful utterances such as questions and comments given

by the audience, together with eye-gaze events in the poster conversation.






Chapter 8
Conclusion

This thesis has addressed engagement recognition for human-robot dialogue. This chapter

reviews the contributions of this thesis and addresses the future directions.

8.1 Contribution

This thesis addressed engagement recognition based on multimodal listener behaviors such
as backchannels, laughing, head nodding, and eye gaze. The goal of this study is to tackle the
problem on the subjectivity of engagement that causes disagreement among annotators. A
hierarchical Bayesian model for engagement recognition was proposed. It was assumed that
each annotator has a different perspective on engagement. This was interpreted by a character
that affects his/her perception of engagement. The proposed model represented the character
as latent variables so as to recognize each annotator’s labels precisely. This thesis also
made a contribution to studies on recognition tasks that contain subjectivity such as emotion
recognition in that the proposed model takes into account the difference of annotators.

Engagement recognition was also implemented by the neural network. The neural network
has been applied little to the task of engagement recognition. In this thesis, the neural network
was applied by utilizing the advantages of them. The proposed network represented the
difference of annotators in the intermediate layer. The accuracy of engagement recognition
was improved by both the representation of the difference of annotators and an effective
training method. This neural network model is effective when a large amount of training data
and a variety of input behavior features are used.

The automatic detection of the listener behaviors was also implemented. It is important
for live conversational robots to recognize engagement in real time. Conventional engagement
recognition systems used only limited behaviors that can be directly obtained from sensors

like head direction, distance, and facial action units. In this thesis, backchannels, laughing,
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and head nodding were detected by neural network models such as LSTM. These detection
models were integrated with the engagement recognition model in order to realize real-
time recognition. It was confirmed that the accuracy of engagement recognition was not
degraded even the input listener behaviors were detected automatically. The real-time
engagement recognition model was applied to the system of the android robot ERICA to
generate adaptive behaviors in the dialogue of laboratory guide. It was also observed that the
adaptive behaviors increased user engagement during the dialogue. This result suggests that
engagement recognition is the important function for social human-robot dialogue.

In summary, in this thesis, several recognition models were proposed for the engagement
recognition task that has subjectivity. Furthermore, it was also shown that engagement
recognition was implemented into the live conversational robot. Therefore, the findings of
this thesis contribute to the realization of symbiotic conversational robots that interact with
humans in deep and long dialogue.

8.2 Future Work

In engagement recognition, since only four listener behaviors were used, it is expected to use
a more variety of behaviors. For example, in this study, facial expression and body posture
were not used. These were identified as effective features by previous studies. It is expected
that this extension will lead to more accurate and robust engagement recognition. The
number of training data should be increased by efficient annotation ways. In this case, neural
network models would be more necessary to train from a large amount of data. Furthermore,
it is also thought that shorter-term concepts such as entrainment can be used in order to
recognize engagement more accurately. In contrast, engagement can be used to predict
other longer-term concepts such as rapport. Another engagement recognition model can be
considered. In this thesis, the models of engagement recognition and behavior detection were
independently trained. It would be possible to train the integrated model by using neural
networks in an end-to-end manner. However, it has to be solved that units of the recognition
and the detection are different.

In adaptive behavior generation, although the heuristic rule was used in this thesis, it is
expected to train a model from dialogue corpora. In this case, it is needed for the corpora
to have reference labels of engagement. It is difficult to obtain the engagement labels by
manual. If the corpora have the behavior data, the labels can be generated by the engagement
recognition model. Then, the scheme of semi-supervised learning can be applied. Besides,
the adaptively generated behaviors are not limited to linguistic features such as contents

of robot utterances. It is expected that the robots control their listener behaviors such as
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backchannels and head nodding according to user engagement. This leads to entrainment and
natural interaction. Furthermore, it is also important to consider what the robots should do
after the robots keep the users engaged in the dialogue. In this thesis, the goal of engagement
recognition was to increase user engagement by the adaptive behaviors of the robot. This
ultimate goal should be designed by considering the kind of dialogue task. For example, in
the case of the laboratory guide, if a user keeps engaged in the dialogue, it would be possible
that the robot can introduce researchers in the laboratory to the user.

Engagement can be used as an evaluation metric for dialogue. Recently, many studies
have been made on machine learning to train dialogue models such as text generation [27-29].
These models use the whole dialogue corpus to train a model, and the objective function is
how much the models generate the same system utterances compared to the training corpus. If
engagement is used as the training metric for the dialogue model, the model would maximize
engagement and is expected to realize more engaged dialogue. The automatic engagement
recognition model can be also applied to this case as the scheme of semi-supervised learning.
This idea can be applied to autonomous conversational robots. Engagement can be used
to evaluate the current dialogue with real users. Then, the robot can update a rule of the
dialogue strategy by using the engagement score as a reward in reinforcement learning. This
framework allows the robot to train the ideal dialogue strategy by itself through interaction

with real users.
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