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Abstract

Robots and virtual agents have been deployed in various fields, and are playing an
increasingly important role in human being’s daily lives. Thus, these intelligent
agents (IAs) are required to interact with their users appropriately. To achieve
this goal, IAs need to understand human social signals, before generating socially
acceptable responses. However, current multi-party social human-robot interaction
(HRI) is still far from being satisfactory. Unlike dyadic HRI, multi-party HRI
involves more than one participant in the interaction, so with the increase in the
participant number, [As face more challenging tasks. The overall objective of
this research is to investigate and develop new techniques to empower robots or
virtual agents with the ability to understand the behaviors, intentions, and affects
of the participants in multi-party social interaction, which helps the agent manage
multi-party issues in social HRI. Specifically, this thesis presents new methods to
analyze and estimate four types of non-verbal social information in multi-party
human-robot interaction scenarios, namely (i) engagement intention estimation,
(i) engagement estimation during interaction, (iii) personality estimation, and (iv)

emotion recognition.

To understand the dynamics in multi-party social HRI, estimating user engagement
intention is chosen as the first task to be studied. A method to estimate if people
have willingness to join in a conversation in multi-party scenarios is first presented,
which helps endow IAs with the capability of detecting potential participants. The
method is built on the deep neural networks, which takes image features and social
signals as input, making use of general information conveyed in images, semantic
social cues proven by social psychology studies, and temporal information in the
sequence of inputs. The network is designed to have a multi-branch structure with
the flexibility of accommodating different types of inputs. Also, the signal tran-

sition in multi-party human-robot interaction scenarios is discussed. The method

xxiii



XX1v

is evaluated on three datasets with social signals and/or images as inputs. The

results show that the proposed method can infer human engagement intention well.

When an interaction starts, the goal of engagement estimation (EE) is to infer
the inner state of a participant attributing to being together with the other par-
ticipants and continuing the interaction. Moreover, the use of social robots in
healthcare systems or nursing homes to assist the elderly and their caregivers will
be becoming common. It is proposed that a supervised machine learning method
to estimate the engagement state of the elderly in a multi-party human-robot in-
teraction scenario from real-world video recordings. The method is built upon the
basic concept of engagement in geriatric psychiatry and HRI video representations.
It adapts pre-trained models to extract behavior, affective, and visual signals to
form multi-modal features. These features are then fed into a neural network made
of a self-attention mechanism and average pooling for individual learning, a graph
attention network for group learning, and a fully connected layer to estimate en-
gagement. The proposed method is evaluated using 43 wild multi-party elderly
robot interaction (ERI) videos. The experimental results show that the proposed
method is capable of detecting the key participants and estimating the engage-
ment state of the elderly effectively. Also, the signals from side participants in
the main interaction group considerably contribute to the EE of the elderly in the

multi-party ERI.

Finally, personality and emotion are investigated in multi-party social interaction,
which have great influences on people’s cognition and behavior. There are fewer
works on personality estimation (PE). The contribution of personality to emotion
recognition (ER) has also not been adequately studied. Therefore, a context-
aware deep learning framework has been proposed, which automatically estimates
the personality of a target person in human-human social interaction scenarios,
based on the target person’s own and the interlocutor’s body behavioral and fa-
cial information. Then, this network is expanded to form a context-aware and
personality-based emotion recognition framework, i.e., first estimating the person-
ality and then recognizing the emotions based on the estimated personality. A set
of experiments have been conducted showing that the proposed method has good

performance in both personality and emotion experiments.



Chapter 1

Introduction

1.1 Background

Robots and virtual agents have been developed very rapidly in the past decades.
They have left their professional fields and factories, and have been deployed in
various areas such as the service industry [10], skill training [11, 12], education [13],
and entertainment industries [14], taking roles of robot services, tutors, tourism,
and even companion characters. These applications are different from traditional
industrial robots because intelligent agents (IAs) are required to interact with their
users by simulating human functions and behaving like a human. Based on the
tasks that IAs aim to address, they can be categorized into task-oriented systems
with a specific goal and non-task-oriented systems that serve in free interactions [15,
16]. However, both of them need to interact socially with their users to a greater
or lesser extent, so the social ability to address human-robot interaction (HRI)

problems is indispensable.

HRI includes both the creation of robots that assist humans with certain duties or
tasks, and the examination of how people and robots interact with each other in
this situation [17]. In order to allow users to gain and maintain a good experience in
HRI, social agents must be endowed with social intelligence. Conventional research
is more task-oriented but ignores the importance of natural and friendly interac-

tion, but socially intelligent agents are getting more and more attention now [18].
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Giving robots the ability to understand human behavior and infer implicit inten-
tions can help robots interact with humans more naturally and efficiently. Or in
other words, IAs are expected to be able to understand human behaviors, inten-
tions, and affects, and then generate socially acceptable responses based on the
analysis and understanding of the participants’ social signals. More importantly,
this social intelligence can act as a transition smoother or a rapport builder for

complex tasks that require user cooperation.

Multi-party social HRI is a face-to-face interaction, in which more than one hu-
man participants interact with a social robot, usually forming a small group freely
in some ways. Participants can unrestrictedly choose their own positions, body
postures, actions, expressions, and even attending or leaving, etc., that is, a face-
to-face conversation among multiple people in a free way that is common in daily
life. Conventional work on socially interactive robots and virtual agents mainly
focuses on one-to-one interactions, i.e., a social robot interacting with a user.
However, multi-party interaction involves multiple users, which requires further
investigation. Giving socially intelligent agents the ability to participate in one or
multiple conversations with more than one participant poses many challenges for

designing appropriate visual and language management systems and modules.

1.2 Motivations, Objectives, and Challenges

Social robots have traditionally been designed for dyadic conversations, but they
lack the ability to communicate with multiple users in one or multiple concurrent
conversations. Social interactions do not always follow a one-to-one conversational
situation in daily life, i.e., conversations among human beings often involve more
than two participants, leading to multi-party interactions where individuals natu-
rally form groups and communicate with each other. Furthermore, in these con-
versations, participants are free to join, leave, pause, or resume the conversation
at any time, and communication among participants rarely encounters conflicts or

interruptions.
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Although a large amount of work has attempted to propose solutions to improve
robot performance in HRI, reresearch on multi-party social HRI is still very lim-
ited. This can be attributed to two primary factors. Firstly, the development and
implementation of multi-party interaction processing modules heavily depend on
the robust and efficient analysis of dyadic interactions. Meanwhile, as the number
of participants increases, social robots are confronted with increasingly demanding

tasks compared to dyadic interactions.

Additionally, non-verbal communication serves as a complementary mode of com-
munication that can augment and enrich the conveyed message when combined
with speech. It is widely acknowledged that individuals heavily rely on non-verbal
cues to express themselves and interpret others’ intentions. In computer science,
a lot of studies have focused on inferring people’s intentions and inner states by

analyzing and predicting their non-verbal information.

This thesis hopes to bring the results of psychological and social behavior science
into computer science, forming a multidisciplinary perspective to help us design
multi-party socially intelligent agents. In order to attain this goal, IAs first should
be able to comprehend social cues from multi-party social interactions, and then
generate socially acceptable responses. This thesis will focus on the first part,
i.e., the analysis and processing of the non-verbal social signals for multiple par-
ticipants in multi-party interactions. Consequently, the overall objective of this
thesis is to empower [As with the ability to understand the behaviors, intentions,
and affects of the participants in multi-party social interaction, which helps the
agent manage multi-party issues in social HRI. Specifically, this thesis analyzes
non-verbal social information in multi-party human-robot interaction scenarios in
four areas: (i) engagement intention estimation, (ii) engagement estimation during
interaction, (iii) personality estimation, and (iv) emotion recognition. These non-
verbal social signals are anticipated to be utilized in future research to facilitate
the generation of more natural and human-like responses that align better with

people’s expectations.

The prediction of engagement intention, which stands for estimating whether peo-
ple have the intention to initiate or join a conversation with a robot, is the first

task that will be discussed. This function is not only useful in the initial period of
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the HRI, but also helpful for inviting potential participants into an existing conver-
sation to form a multi-party interaction. In addition, it can further be extended as
a function to manage dynamics, i.e., join and leave problems in multi-party social
HRI. Then, once a multi-party interaction begins, the estimation of engagement
during this interaction becomes a function that IAs required to have. By esti-
mating the multi-participants’ engagement, [As are able to keep a more balanced
multi-party conversation, thus avoiding one dominant participant leading the en-
tire conversation, which is important in collaborative tasks. More importantly, if
a particular participant should be given more attention, such as a patient in the
medical or psychological treatments, then the robot can change its behavior based
on the estimated engagement level, thus keeping the patient’s engagement at a
high level to improve the treatment outcome. Finally, the users’ emotions during
HRI are a very important part that cannot be ignored. A robot that just performs
tasks cannot be called a socially intelligent robot. TAs can act and speak if they
can recognize the emotions of each participant in a multi-party interaction, where
emotions are not only mutual between two people, but become a kind of conver-
gence between groups, or confrontation between more subdivided subgroups. Thus,
only after sufficient exploration, can robots more comprehensively understand the

events occurring in the interaction and further generate their own emotions.

It is not easy to fully accomplish the above tasks. The difficulties of estimating
the user engagement intention are that the user’s behavior and signals that express
intention are non-verbal information that is not easy to recognize, and the time
from a user has the intention to actual interaction is of short duration. Existing
work extracts relative features for each frame of data and then predicts user en-
gagement intention from an independent time point without adequate exploration
of the temporal information. Besides, multi-party interaction is far from being
thoroughly studied and always be overlooked. Tackling the above issues will en-
able HRI to better meet natural interaction between human beings and robots. In
terms of engagement estimation during an interaction, many methods have been
developed in various scenarios such as classroom or distance learning and health-
care. Conventional approaches use non-verbal cues such as proxemics, body pose,

gaze patterns, facial expressions, and context information to build classifiers. Deep
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learning approaches have also been developed. However, most previous work as-
sumes the interaction is in a laboratory environment or a dyadic situation. To
analyze wild multi-party interaction, understanding the dynamics and stability of
the interaction becomes more complicated. Moreover, in unconstrained wild space,
moving people, bad lighting, confusing objects, etc. make it difficult to interpret
the complex environment. Finally, both personality estimation and emotion recog-
nition are the analyses of visual, auditory, and semantic information, which means
that existing solutions for these two tasks are intuitively very similar, but are of-
ten treated as two different tasks in research. Although there are some works
trying to estimate real or apparent personality, current automatic vision-based or
multimodal-based personality prediction methods do not perform well. There are
many approaches to emotion recognition. Some group or scenario-based emotion
analysis methods are introduced, but they all deal with them as a whole and do not
take into account the interactions of participants in the social interaction, which
does not correspond to reality, i.e., people’s expressions and actions not only de-
pend on their personality, but also are influenced by the external environment and
the behaviors of the interlocutors. This interaction between participants leads to
the transfer of emotions, which is difficult to capture when such rapid and subtle

changes occur.

To this end, this thesis tries to provide some solutions to the above-mentioned

problems and challenges.

e Engagement intention estimation before the interaction starts. En-
gagement intention prediction in a multi-party scenario is studied. A method
to estimate if people have willing to join in a conversation in multi-party sce-
narios is first presented, which helps to endow IAs with the capability of
detecting potential participants. The method is built on convolutional neu-
ral network (CNN) and long short-term memory (LSTM), which takes image
features and social signals as input, making use of general information con-
veyed in images, semantic social cues proven by social psychology studies, and
temporal information in the sequence of inputs. The network is designed to
have a multi-branch structure with the flexibility of accommodating different
types of inputs. Also, the signal transition in multi-party human-robot inter-

action scenarios is discussed. The method is evaluated on three datasets with
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social signals and/or images as inputs. The results show that the proposed

method can infer human engagement intention well.

Engagement estimation during interaction. When an interaction starts,
the goal of engagement estimation (EE) is to infer the inner state of a partici-
pant attributing to being together with the other participants and continuing
the interaction. Moreover, the use of social robots in healthcare systems or
nursing homes to assist the elderly and their caregivers will be becoming com-
mon. [t is proposed that a supervised machine learning method to estimate
the engagement state of the elderly in a multi-party human-robot interaction
scenario from real-world video recordings. The method is built upon the basic
concept of engagement in geriatric psychiatry and HRI video representations.
It adapts pre-trained models to extract behavior, affective, and visual signals
to form multi-modal features. These features are then fed into a neural net-
work made of a self-attention mechanism and average pooling for individual
learning, a graph attention network for group learning, and a fully connected
layer to estimate engagement. The proposed method is evaluated using 43
wild multi-party elderly robot interaction (ERI) videos. The experimental
results show that the proposed method is capable of detecting the key partic-
ipants and estimating the engagement state of the elderly effectively. Also,
the signals from side participants in the main interaction group considerably
contribute to the EE of the elderly in the multi-party ERI.

Personality estimation and emotion recognition. Finally, personality
and emotion, investigated in multi-party social interaction, have great influ-
ences on people’s cognition and behavior. There are fewer works on person-
ality estimation (PE). The contribution of personality to emotion recognition
(ER) has also not been adequately studied. Therefore, a context-aware deep
learning framework has been proposed, which automatically estimates the
personality of a target person in human-human social interaction scenarios,
based on the target person’s own and the interlocutor’s body behavioral and
facial information. Then, this network is expanded to form a context-aware
and personality-based emotion recognition framework, i.e., first estimating
the personality and then recognizing the emotions based on the estimated

personality. A set of experiments have been conducted showing that the
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proposed method has good performance in both personality and emotion

experiments.

1.3 Contributions

The primary contribution of this thesis is to model the perceptual and affective
processes of socially intelligent agents such as robots and virtual human. This is
achieved through the analysis of non-verbal social signals from multi-party social
interactions, particularly in human-robot social interactions. The behaviors, inten-
tions, and affective states of the participants in these interactions are estimated,
which is crucial for the development of social agents. These evaluated social sig-
nals and affective states are expected to be integrated into social robot platforms,
optimizing the generation of natural and human-like responses during multi-party
conversations. Specifically, according to different tasks, the contributions and nov-

elties of this thesis can be stated as follows.

e Engagement intention estimation before multi-party social HRI

— A novel architecture is designed to estimate the engagement intention of

potential participants in multi-party HRI scenarios. This new architecture

is characterized by its multi-branch and adaptable input structures.

— The findings from psychological research are reviewed and summarized
to identify high-level social signals that can be combined with image

features to serve as inputs.

— A new neural network model based on CNN and LSTM is proposed to

estimate the engagement intention of potential participants.

— A novel feature transition method is designed to interpret multi-party

social signals, which is essential to enable robots to perform well in such

scenarios.

— The experimental results indicate that the proposed approach has good
performance in terms of accurately estimating engagement intention by

utilizing multi-modal features.



1.3. Contributions

e Engagement estimation during multi-party social HRI

— A novel and automatic method for estimating participants’ engagement

levels in multi-party HRI is proposed.

— More challenging and less explored wild multi-party interactions between

elderly people and a robot are analyzed, compared to existing approaches.

— A novel engagement estimation framework for such scenarios is designed

by combining the engagement studies from psychiatry with computer
vision techniques, where behavioral, affective, and visual engagement

and their features are investigated.

— A new deep learning model is constructed, which includes self-attention

networks and graph attention networks to learn individual and group
information, which efficiently improves the performance of engagement

estimation.

— A new dataset is created for studying engagement in multi-party elderly-
robot interaction in the natural environment. The dataset includes

multi-view video recordings and labeled annotations.
e Personality estimation and emotion recognition in social interaction

— A novel approach is proposed to jointly estimate personality and recog-

nize the emotions of participants in social interaction scenarios.

— Different from the prior art, the newly proposed method employs the

same architecture to analyze personality and emotions, which in addi-

tion is capable of estimating both apparent and real personality.

— The social interaction context is emphasized and utilized. The multi-

modal data from the target individual and interlocutor(s) are utilized,
forming a context-aware structure to estimate personality, and then use

personality to improve the accuracy of emotion recognition.

— A set of experiments have been conducted to examine the impact of
information from the target individual and interlocutor(s) on personality

estimation, as well as the effects of personality on emotion recognition.
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1.4 Outline of the Thesis

This thesis is organized as follows.

e Chapter 1 introduces the research background, motivations and objectives,

and major contributions of this thesis.

e Chapter 2 reviews the state-of-the-art, relative techniques and supporting
materials for multi-party social HRI. In particular, an overview of the de-
velopment in HRI is discussed first, including basic HRI, social HRI, and
multi-party social HRI. Then, the relevant concepts of social interaction are
discussed from the perspective of interdisciplinary studies, after which the re-
lated work in user engagement intention estimation, engagement estimation,
personality estimation, and emotion recognition are reviewed and summa-

rized.

e In Chapter 3, a multi-branch CNN-LSTM-based network for engagement
intention prediction in a multi-party social HRI scenario is proposed. Human
non-verbal cues and features used in the estimation are discussed in this sec-
tion, after which the signal transition in multi-party human-robot interaction

scenarios is discussed.

e Chapter 4 extends the engagement estimation to the period of interaction
ongoing. A supervised deep learning architecture to estimate the engagement
state of the elderly in a multi-party social HRI is presented, based on the con-
cepts of engagement in geriatric psychiatry and HRI video representations. It
extracts behavioral, affective, and visual signals to form the multi-modal fea-
tures and then learns individual and group representations from multi-party

participants.

e Chapter 5 investigates personality and emotions in multi-party social in-
teraction. A context-aware deep learning framework has been proposed to
estimate the personality of a target person, based on the target person’s own
and the interlocutor’s body behavioral and facial information. An expanded
model, context-aware and personality-based emotion recognition framework,

is explained for recognizing emotions.
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1.4. Outline of the Thesis

e Finally, Chapter 6 summarizes the key conclusions of the thesis and pro-
vides some future research recommendations on further development and

improvement of the multi-party human-robot social interaction.



Chapter 2

Literature Review

This chapter first provides an overview of HRI and recent research into multi-party
social HRI in Section 2.1. Thereafter, as this thesis involves many findings and the-
ories of psychology, cognitive and behavioral science, and geriatric-related studies,
Section 2.2 reviews the relevant interdisciplinary literature. Then, the state-of-the-
art work of user engagement intention estimation, engagement estimation during
the interaction, personality estimation, and emotion recognition are reviewed in
Section 2.3, Section 2.4, Section 2.5, Section 2.6, respectively. A summary of
related work is provided in Section 2.7, which highlights the potential areas for

further research.

2.1 Overview of Human-Robot Interaction

2.1.1 Human-Robot Interaction

The study of interactions between humans and robots, or more generally, interac-
tions between humans and artificial agents, is known as human-robot interaction
(HRI). Goodrich and Schultz provided a definition of HRI that aims to comprehend,
develop, and evaluate robots that are used by or with humans [19]. Dautenhahn
placed more stringent requirements on HRI. He believes that HRI needs to study

the reactions and attitudes of human beings towards robots with different physical,

11
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technical, and interactive characteristics, so as to design robots that are efficient,
widely accepted, satisfy users’ emotional needs, and have universal values [20].
Traditionally, because robots are still used by humans as tools, HRI is inherently

present in all robotics.

The interaction between humans and robots is affected by the attributes and char-
acteristics of robots, such as the appearance of the robot, the level of autonomy;,
the way information exchanging, the structure and task of the intended interac-
tion, etc. Industrial robots, ground robots, pet robots, and humanoids have diverse
appearances, which meet specific needs. Autonomy refers to the extent to which a
robot can act automatically, 7.e., expressed in a spectrum, from being completely
controlled by humans to completely having their own decisions, autonomy gradu-
ally increases. Then, information is exchanged in visual displays, gestures, speech
and natural language, and so on. Finally, HRI also is influenced by the structure
and task of the interaction, or in other words, the team structure and the goals to

be accomplished.

After understanding the influencing characteristics, the subsequent inquiry per-
tains to the criteria by which the robot ought to be designed in order to fulfill
specific requirements. Dautenhahn emphasized three directions: robot-centered
HRI, human-centered HRI, and robot cognition-centered HRI [18]. The robot-
centered HRI considers robots as autonomous individual that achieves goals ac-
cording to their motivations and complete specific tasks by interacting with hu-
mans. Human-centered HRI focuses on helping robots accomplish tasks in a way
that is acceptable to humans. It explores users’ experiences and opinions of a
robot’s appearance and behavior without considering the robot’s decision-making
process. Finding an appearance, generating behaviors, estimating the intention
and requirements of single or multiple users, etc., are some typical research prob-
lems. Robot cognition-centered HRI places a strong emphasis on the idea that
a robot is an intelligent agent. To achieve this objective, researchers have to de-
velop cognition-and-affective processes modules using machine learning techniques.
However, these directions often intersect with each other. He also points out that,
by defining socially acceptable behavior, it is possible to design robots that can

satisfy users’ preferences.
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2.1.2 Human-Robot Social Interaction and Social Robots

Social interaction is an important way for us to communicate with others, and it is
also the process by which individuals know and shape themselves. Social interac-
tion plays an important role in human life. People exchange information through
perception, expression, and decision-making, and at the same time, friendship, em-
pathy, and love, or confrontation, disgust, and jealousy, are also products of social
interaction. These abstract concepts are the basis of human society. People more
or less have the need to express themselves and socialize with others. Although
some people are introverted and some suffer from social disorders, social interac-
tion is inevitable. It happens in daily life anytime and anywhere, and it also has a

positive impact on people’s mental health.

As more and more robots appear in daily life, people’s requirements for HRI are
becoming more and more stringent. Compared with the early days, when robots
are designed to complete tasks alone guided by a command from humans, or to
achieve a goal through interaction with humans, until now, people expect robots
to meet their social needs, that is, behave and express like a human in interactions.
Research has shown that HRI is influenced by the past interaction experience with
humans, and the way people communicate with robots is similar to the way they
interact with humans [21], which also explains the expectations people place on
robots. Therefore, designing social robots, or robots with social skills and abilities,

has become a very important research topic.

The term social robot is used in a wide variety of ways. Dautenhahn analyzed
the notions of social robots but found the terminologies and degree of robot so-
cial intelligence is various [18], e.g., socially situated, sociable, socially intelligent,
and socially interactive robots are all given depends on certain research emphasis.
Combining the definition from [22-24], Yan et al. identified a shared characteristic
of social robots. They stated that in order for a robot to qualify as a social robot,
it must be able to carry out specific duties and interact with people by following
particular social cues and conventions [25]. Moreover, interaction capability is the

most important factor for a social robot.

Although a universal definition of a social robot does not exist, it is not disputed

that a social robot needs to be socially accepted by human society, so the verbal



14 2.1. Overview of Human-Robot Interaction

(e)

FIGURE 2.1: Examples of social robots in different application environments:
(a) iCat robot plays chess with children in primary school [1]; (b) Pepper robot
teaches children to learn English words [2]; (c¢) Social robot facilitate home-based
intervention for children with ASD [3]; (d) Another social robot for children with
ASD [4]; (e) Therapeutic seal robot is used in dementia treatment [5]; and (f)
Humanoid robot Nadine interacts with old people in a nursing home [6].

and non-verbal modules that deal with interactions become the core of the study
of human-robot interaction. Therefore, socially accepted HRI presents many chal-
lenges to artificial intelligence (AI) techniques. In order to design a social robot
conforming to social norms and satisfying user expectations, it needs to simulate
the perception, decision-making, and behavior generation processes [26]. The eval-

uation of real situations is based on learnable and evolvable criteria, which are used
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to make decisions along with goals. The robot’s internal state, such as emotions
and goals, will be updated and finally generates natural and emotional language

and behaviors.

For the development of social robots, researchers have conducted a lot of studies
and experiments. Social robots also play their roles to help humans in different
application scenarios, such as education [27], health care [28], public service [29],
etc. Figure 2.1 provides some examples of social robots situated in different appli-
cation environments. In the two pictures of the first row, the robot is designed as
a teaching assistant, playing chess with children [1] or teaching English words to
children [2]. The second row is the applications of social robots in the treatment
of children with autism spectrum disorder (ASD) (left: [3] and right: [4]). For
the last row of images, on the left, the shown robot is a widely used seal-shaped
social robot, which is used in the treatment of dementia. On the right, it is a
humanoid robot Nadine, chatting and playing games with the elderly in a nursing
home [6]. It is noteworthy that the social robot Nadine is a humanoid social robot,
which is more challenging to develop as people may have higher expectations, e.g.,
human-like behavior, natural language, social skills, etc., due to their human-like

appearance.

2.1.3 Multi-Party Human-Robot Social Interaction

Multi-party social HRI is a face-to-face interaction, in which more than one hu-
man participants interact with a social robot, usually forming a small group freely
in some ways. Participants can unrestrictedly choose their own positions, body
postures, actions, expressions, and even attending or leaving, etc., that is, a face-
to-face conversation among multiple people in a free way that is common in daily
life. Conventional work on socially interactive robots and virtual agents mainly
focuses on dyadic interactions. However, multi-party interaction requires further
investigation [30, 31], and studies on analyzing multi-party social HRI in wild and

dynamic environments are only decade history [32-34].

Bohus and Horvitz [35] explain the challenges in multi-party HRI. As shown in

Figure 2.2, the possible structures of HRI can be categorized into four groups based
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on the number of participants, the number of interactions, and dynamics. The
intelligent agent dynamically handles situations of multi-participant interaction,
which involves two or more participants, and this number may vary. The join
of the new participants and the leave of existing participants are allowed at any
point in time [36]. The robot is actively engaged in at most one interaction but it
can simultaneously keep track of additional, suspended interactions. The ability
to work with several persons is a skill that IAs that provide services in the open
world need, i.e., the abilities to detect, track, sense, comprehend people over time,

and to infer their goals, needs, and attention.

Designing an HRI agent involves addressing many issues, particularly in the con-
text of multi-party social HRI scenarios. These scenarios involve a larger num-
ber of complex tasks compared to one-to-one scenarios. Some of these tasks are
unique to multi-party interactions, while others differ significantly from their one-
to-one counterparts. The following paragraphs delve into the tasks associated with
multi-party social HRI and draw a comparison between dyadic and multi-party

interactions.

e Engagement intention estimation before interaction. In two-party
interaction, the robot system only needs to infer and track a single partici-
pant’s engagement state, where all social signals expressed by the participant
directly to the intelligent agent [36-41]. However, in multi-party interaction,
not only do more than one participant’s social cues have to be detected,
but the signals may direct to the other participants rather than the robot.
Therefore, a conversion of signals has to be conducted in the data processing

stage.

e Engagement estimation during interaction. During HRI, if TAs can
recognize the engagement state of the participant, it helps the IAs respond
properly to maintain long-term interaction or to produce appropriate social
behavior for the people to feel a sense of belonging. Compared to dyadic HRI,
the results of estimating the engagement of multiple people enable the robot
to make decisions, so that balance the conversation to avoid some people

being left out.
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FIGURE 2.2: Illustration of four human-robot interaction structures: (a) single-
party HRI; (b) fixed multi-participant HRI; (¢) open multi-participant HRI; and
(d) open multi-party HRI.

e Emotion recognition in multi-party interaction. Generally speaking,
emotion recognition is to estimate a person’s current emotional state through
a person’s social signals, which can be linguistic semantic analysis or visual
non-verbal signal processing. Traditional visual methods use facial expres-
sions and body postures for inference, but ignore the context information
in multi-person social situations, such as group-level emotions, models of

emotion generation and change, emotional confrontation and convergence in
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groups, and so on. The emotion recognition of multiple people considers the

above factors, so as to estimate more accurate emotion states.

Conversational roles identification. In dyadic social HRI, the robot and
participant task roles of speaker or addressee, whereas in multi-party social
HRI, many new roles appear such as side participants, bystanders, overhear-
ers, and passersby [42—44]. Therefore, it is important to clarify the role of
each person captured by the camera. Side participants are the people who
are listening to the current conversation and might join in and speak in the
future. Bystanders and overhearers are those who listen to the conversation
but do not participate. Passersby are the less important people and just
pass in the background. Specifically, effectively assigning speech to associ-
ated speakers was the main challenge in speaker diarization, which involves
allocating speech signals to participants in a dialogue [45-47]. To identify
human speakers, audio-visual features like the location of participants, facial
landmarks, eye gaze, and sound localization might be used [48]. Compared to
speaker diarization, addressee recognition is an opposite task that identifies
the addressee in a conversation. The objective of this task is to avoid overlap
or responses to unrelated messages. A participant may speak to the other one
with the name or can use non-verbal cues such as gaze and pointing gestures
to hint addressee [43, 49].

Turn-taking management. People in a conversation understand who is
signaling what to whom, so they leverage this understanding to minimize
overlaps and conflicts. Robots also need to be endowed with the ability to
handle turn-taking [50]. In two-party interaction [51, 52], even in the cases
that the dialogue is mixed-initiative, the turn-taking model is simpler whereas
participants need to compete for the turn in multi-party conversation [32, 53,
54].

Some research groups also develop an IA system that is, to some extent, able

to manage a multi-party conversation in different scenarios. Bohus and Horvitz

design a socially situated dialogue system in open environments where two users

interact with a virtual human face [50]. Their system included face and pose

tracking and estimation of the focus of visual attention (FOVA). They also use this
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system to develop an engagement intention detection and turn-taking management
model, where participants can initiate, terminate, or join a conversation in an open
environment. In the JAMES project, Foster et al. develop a robotic bartender that
can serve drinks to multiple customers [55], after that they improve the bartender
with the engagement prediction model to smooth the service [40]. Kondo et al.
develop a system for multi-party interaction with a female humanoid who can
generate a multi-party gesture [56]. The system conversation is allowed to be
interrupted and then the robot can make smooth transitions from a current gesture
to the next one. Yumak et al. propose a multi-party robot system with tracking
and fusion components including speaker diarization and addressee detection [31].
Moreover, their work includes a case study involving a human-robot-virtual agent
interaction, which allows the information to transition from a robot to a virtual

agent.

2.2 Interdisciplinary Study of Social Interaction

HRI examines the social behavior of humans and the communication between users
and robots. Such work is intrinsically interdisciplinary and calls for contributions
from various areas, including computer science, robotics, psychology, cognitive
and behavioral science, human factors and ergonomics, and other fields. This
section will provide reviews from interdisciplinary perspectives. Specifically, this
thesis uses non-verbal information, mainly visual signals, to analyze multi-party so-
cial interactions, so non-verbal communication (NVC) and social signal processing
(SSP) are discussed in Section 2.2.1, after which engagement-related concepts are
reviewed in Section 2.2.2. Personality and emotion theories and their applications

are presented in Section 2.2.3 and Section 2.2.4 respectively.
2.2.1 Non-Verbal Communication and Social Signal Pro-
cessing

Non-Verbal Communication. In general, non-verbal communication is em-

ployed as a second form of communication that can be used in conjunction with
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speech to alter and enrich what is being conveyed [57]. Tt is the unspoken dialogue
that creates shared meaning in social interactions. There is ample evidence show-
ing that people rely substantially on non-verbal cues to express themselves and
interpret others’ intentions. According to research, human beings prefer to believe
non-verbal information rather than verbal information when they conflict and rely

on non-verbal messages to assess the attitudes and feelings of others [58].

Non-verbal communication can be categorized into kinesics, proxemics, haptics,
chronemics, vocalics, and presentation [59]. Only kinesics and proxemics are taken
into consideration in this thesis. Kinesics is the study of non-verbal communica-
tion, which includes body language, positioning, facial expressions, gestures, etc.,
which conveys rich interpersonal, social, and contextual information. The research
tasks in kinesics include hand gestures, body movements, eye gaze, and facial ex-
pressions. Proxemics deals with how humans use space and its effects on human
behavior, communication, and social interaction. Hall categorized the social space
into public, social, personal, and intimate based on the distance in human social

interactions [60].

The generation of human non-verbal behavior is influenced by many factors, e.g.,
personal determinants, conscious or unconscious goals, environments, perceptual
process, and cognitive-affective processes [58, 61, 62]. Personal determinants in-
clude biology, culture, gender, and personality; perceptual and cognitive-affective
information are the outcomes of processing interaction and interlocutor(s). Taking
dyadic interaction as an example (Figure 2.3), two persons form an interaction
and communicate through non-verbal behaviors. Background setting and personal
determinants are the high-level factors, where determinants influence the decision-
making, perceptual and cognitive-affective processes. At the same time, the latter
two interact with each other and influence a person’s behaviors together with the

determinants.

Social Signal Processing. Social signal processing aims to recognize human
behavior and interpret it. Psychologists have studied the processing mechanism of
social signals in human brains and found that extracting social information such
as facial expression, body language, and tone of voice from communication is often

unconscious [63, 64]. In addition, as mentioned before, the foundation of social
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intelligence is the capacity to recognize and manage social cues from those with
whom IAs are interacting. Therefore, giving socially intelligent robots the ability to
understand human behavior through social signal processing is the core of making

them intelligent individuals.

In contrast to the semantic and sentiment analysis in natural language processing
tasks, the research tasks of social signal processing focus on the interpretation of
human non-verbal behaviors displayed by people during social interactions. More
specifically, the non-verbal behaviors here include gesture, gaze, facial expression,

proxemics, posture, behavioral mirroring, etc.

Alessandro et al. distinguish between non-verbal behavior and mon-verbal cues,
arguing that non-verbal behavior is a continuous source of signals that convey
information about people’s feelings, psychological states, personality, and other
characteristics through a wide range of non-verbal behavior cues, which are mostly
perceived and displayed unconsciously [65]. The term non-verbal behavioral cues
are used to describe changes in muscle movement or physiological activity over
time, usually in short intervals, from milliseconds to minutes, and this is what
distinguishes it from non-verbal behavior (minutes to hours). In the computer
science area, however, researchers do not distinguish between these two concepts.
Most of the work treats both as the same concept, so social behaviors, social signals,

and social cues refer to the same concept, in the remaining discussion.

In order to use social signals in socially intelligent agents, developers must first
define social signals in terms of their characteristics and then develop automatic
detection methods. However, human non-verbal behaviors are difficult to detect;
and even when they can be measured, attempting to infer and interpret them is still
quite challenging [66]. In order to solve these difficulties, this thesis uses computer

vision techniques to analyze these social behaviors via deep learning approaches.

2.2.2 Engagement: Definition, Elements, and Applications

This section reviews related work on engagement, particularly the definition and

scope of engagement, clarifications of the relationship and focuses on engagement
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intention and engagement during an interaction, and applications and significance

of engagement in human-robot social interaction, e.g., in geriatric psychiatry.

Engagement intention. Many studies have proved that non-verbal signals, for
example, gestures and postures, face and eye behavior, and space and environment,
convey rich information about engagement [63, 67, 68]. Concretely, proxemic fea-
tures are commonly adopted social cues in HRI [60, 69, 70]. Hall et al. emphasize
the impact of the use of space on interpersonal communication and introduce a
spatial model that horizontally categories the surrounding area of a person into
intimate, personal, social, and public spaces (from the near space to the far space)
based on different levels of social activities on interpersonal communication [60, 69)].
Hall’s study of proxemics is valuable in evaluating the way people interact with
others in daily life [37]. Kendon and Ferber [71] identify six stages of general
greeting situations. Their research shows that body movements, gestures, facial
expressions, and salutations are useful signals for predicting human engagement.
Concretely, (i) Sighting, orientation, and initiation approach; (ii) Movements and
gestures that signal official acknowledges that a greeting sequence has been ini-
tiated. Smiles, waves, head nodes, etc. can all be part of this; (iii) Head dips;
(iv) Approach, which assumes that the greeting process continues. In this stage,
participants may gaze, groom, and extend one or both arms; (v)The final approach
with smiling, mutual gaze; (vi) The close salutation at a standing position, includ-
ing ritualistic speech and body contact. In addition, they also find that people’s
body behaviors change while approaching to initiate an interaction. Langton et al.
also suggest that people use different cues to predict others’ intentions based on
distance, i.e., using body posture, face orientation, and gaze direction from long
to short distances [72].

Engagement during an interaction. Engagement is generally regarded as a
state or a process. According to Oertel et al., this notion is ambiguous across
different domains [73]. While in terms of the state, participants are either en-
gaged or not engaged, by process the concept emphasizes how interactors establish,
maintain, and complete their perceived connection to each other during an inter-
action [74]. Note that the term state represents objectively observed facts in HHI
or HRI, which is whether the participants are within interaction or not. It is used

to distinguish itself from process. In this thesis, Poggi’s definition of engagement
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is adopted [75], which refers to the participant’s inner state of being together with

other participants and continuing the interaction.

Elements of Engagement. In general, engagement contains several elements [76—
85]. They usually include behavioral, affective, visual, verbal, social, and cognitive

signals.

e Behavioral engagement involves observable behaviors such as approaching,

touching, avoiding, and hitting.

e Affective engagement is defined as the reactions that are usually represented

by valence and arousal.

e Visual engagement encompasses actions involving the eyes and head such as

maintaining contact or appearing inattention to others or materials.

e Verbal engagement reflects the sounds and semantic information towards

other participants.

e Cognitive engagement refers to psychological investment and effort allocation

of the person in order to fully comprehend the situation.

e Social engagement includes the activities of encouraging or disrupting others.

Moreover, these elements are not mutually exclusive but often overlap with each

other.

Application of Engagement in social HRI. EE is studied in many disciplines
and interaction scenarios. A simple taxonomy is based on the type of interactors:
engagement in HHI or HRI. Although participants may behave differently in HHI
and HRI, the estimation of engagement in these two disciplines is similar in terms
of methodology. Thus the knowledge from the HHI could be applied to HRI [86]. In
addition, the application scenarios of EE could be different. Examples are everyday
conversations, healthcare, and learning situations. In different scenarios, engage-
ment may have different dominance of its elements. As a result, the corresponding
estimation methods are different, and it is difficult to make a fair comparison of

different methods. There is no universal approach.
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Engagement in Geriatric Psychiatry. In geriatric psychiatry, the concept and
measurement, of engagement are well established. For example, Cohen-Mansfield
et al. proposed an Observational Method of Engagement for PwD [87], which
was one of the most well-known tools that many studies have used to measure
engagement [88]. Following this concept, Jones et al. developed the Engagement
of a Person with Dementia Scale (EPWDS) towards psychosocial activities by
assessing the behavioral and emotional expressions and responses [89]. Perugia et
al. presented an effective computing framework that specifies the components of

engagement in HRI [85].

Moreover, robotic and computer assistance has been shown to be effective inter-
ventions. Moyle et al. designed a robot seal for PwD [5]. They found that the
robot seal was more effective than usual care in improving mood states and agita-
tion and participants were more engaged with it than with a toy. Similarly, Feng
et al. introduced an interactive system involving a display and a robotic sheep to
engage PwD [90]. They claimed that multi-modal stimuli played a significant role

in promoting engagement.

2.2.3 Personality Theories and Applications

Personality is used to describe a person’s character that reflects a set of behavior,
emotion, and cognition patterns. To quantify personality, traits are used to provide
multidimensional aspects of personality. Several trait theories exist, such as Big-
Five Inventory (BFI) [91] and HEXACO [92], etc. In this work, either BFI or
HEXACQO are used according to the datasets. The related adjectives for BFT and
HEXACO traits are listed in Table 2.1 [92, 93].

Big-Five Inventory includes five traits, openness to experience (O), conscien-
tiousness (C), extraversion (E), agreeableness (A), and neuroticism (N). Specifi-
cally, the appreciation for unexpected ideas, inventiveness, and variety of expe-
riences is referred to as openness. Conscientiousness is a tendency to exercise
self-control, act responsibly, and strive for success. Extraversion is defined by a
wide range of activities, a high level of surgency from external activity or situations,

and the ability to generate energy through external means. Individual differences
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in social harmony are reflected in agreeableness. The predisposition to experience
negative emotions such as depression is referred to as neuroticism. Moreover, there
are various versions of BFI such as NEO-PI-R [94], BFI-44 [95], and BFI-10 [96],
differing in the design of short-phrase items and the number of items. Taking BFI-
10 as an example, there are 10 phrases, two of which correspond to a trait from
OCEAN, and each phrase will be marked with an integer score between 1 and 5 (or
sometimes 1 to 10). The score for each trait is the sum of the two phrase scores.
The final personality is represented as the combination of the five-dimensional

traits.

HEXACO conceptualizes personality in six dimensions. There are overlaps be-
tween the HEXACO theory and the BFI, but there are also significant differences.
Specifically, those who rank high on the honesty-humility scale have less desire
for wealth and do not take advantage of others. High emotionality scorers are
more likely to be fearful of danger, anxious about stresses, and in need of others’
emotional support, but they are also more likely to build empathy and emotional
attachments to others. High extraversion individuals are more assured, like social
situations and relationships, and exhibit positive enthusiasm and energy. High
agreeableness people are tolerant of suffering, forgiving of others’ mistakes, and co-
operative with others. High conscientiousness individuals manage their time well,
keep their surroundings neat and orderly, pursue their goals with discipline, and
aim for precision and excellence in their job. High scorers on the open-experience
scale tend to be more creative, easily become addicted to the beauty of nature and
the arts, have unrestricted imaginations, and are bursting with curiosity about a

wide variety of novel experiences.

In addition, personality measures include both self-reported and peer-rated meth-
ods, which also correspond to real personality and apparent personality, respec-
tively. Compared to real personality, apparent personality is considered less con-
sistent and vulnerable to the environment, interlocutors, and subjective attitudes
of raters. In computer science, researchers use the personality scores from the
self-reported or peer-rated questionnaire as the ground truth by default, but it is
important to note that these two ground truths do not necessarily match and have

intra-agreement or inter-agreement.
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TABLE 2.1: BFI and HEXACO personality traits with corresponding descrip-
tions.

Traits Descriptions (adjectives)

curious, imaginative, artistic, wide interests, excitable

efficient, organized, not careless, not lazy, not impulsive
sociable, forceful, energetic, adventurous, enthusiastic, outgoing
forgiving, warm, not stubborn, not show-off, sympathetic
tense, irritable, not contented, shy, moody, not self-confident

BFI

sincere, honest, faithful, loyal, modest/unassuming

emotional, oversensitive, sentimental, fearful, anxious, vulnerable
outgoing, lively, extraverted, sociable, talkative, cheerful, active
patient, tolerant, peaceful, mild, agreeable, lenient, gentle
organized, disciplined, diligent, careful, thorough, precise
intellectual, creative, unconventional, innovative, ironic

HEXACO
SCaepXxo@m| Z2»HAQO

2.2.4 Emotion Theories and Applications

Emotion is a collection of psychological states including personal experience, be-
havior, and peripheral physiological responses, which is one of the core features of
the human mind [97]. In psychological science, researchers have proposed many
different theories of emotion models, which could be categorized into three types,
(i) category theory, (ii) dimension theory, and (iii) wheel theory. A classical model

in each of the three types of theories are shown in Figure 2.4.

Category theory defines emotions into discrete categories. One of the widely
used category theories is Ekman’s six basic emotions, or sometimes seven with a
natural state [98]. The six basic emotions consist of anger, disgust, fear, happiness,
sadness, and surprise, which are the most common, culture-independent facial ex-
pressions. However, this assumption does not always work, i.e., basic emotions can
be interpreted differently depending on cultural background. In addition, although
this is the easy-to-practice theory in computer science, categorization becomes com-

plicated when expressing nuanced emotions.

Dimension theory is proposed to address the issues with category theories. Ba-
sically, the concept is to project emotions in a continuous space, such as valence-
arousal (VA) space [8] or pleasure-arousal-dominance (PAD) space [99]. In the

VA model, valence gives a positive or negative direction to the emotional state,
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FIGURE 2.4: Three types of emotion theories: (a) category theory, taking Ek-
man’s basic emotion as example [7], (b) dimension theory (Russel’s model of
affect) [8], (c¢) Plutchik’s wheel theory [9].

and arousal measures the intensity of the feeling. PAD adds another dimension
called dominance, measuring the control level of the situation, or in other words,
expressing how one influences the surroundings and other people, as well as how

his/her is influenced by them.

Wheel theory can be considered as a combination of category and dimension
theories. Eight fundamental emotions and the level of emotional intensity are
symbolized by a cone [9]. The intensity of emotion is described by the vertical axis
of the cone, that is, the intensity of emotion decreases as it moves from inside to

outside of the wheel, as shown in Figure 2.4.
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2.3 Engagement Intention Estimation in HRI

In the area of HRI, the concept of engagement was investigated from many as-
pects [84], including the engagement intention estimation before a real interac-
tion [34, 36—41], robot behaviors for attracting people to engage [100], the anal-
ysis of the engagement social cues and human affect [101-103], the early detec-
tion of engagement breakdown [104], the engagement estimation during interac-
tion [1, 105, 106], and engagement density controlling in multi-party conversa-
tion [107]. HRI is a continuing process, along with user engagement. For the
target problem, user engagement intention estimation happens prior to the start
of the interaction. Figure 2.5 presents a human-robot interaction process and cor-

responding engagement research problems.

Before Interaction During Interaction >

> Engagement intention estimation > Engagement social cues snalysis

> Behavior planning for attracting people > Engagement estimation

> Engagement breakdown detection

> Engagement density controlling

Conversation starts Conversation ends

FIGURE 2.5: Human-robot interaction process. Research problems that are
relative to engagement are categorized based on the time period.

In terms of user engagement intention estimation, Michalowski et al. propose a
spatial model of engagement for a robotic receptionist situated in a booth near
the entrance of an office [37]. The robot system gained spatial information from
a laser tracker and the user’s head pose information from a camera as input fea-
tures, and then categorize users into one of the following four engagement groups:
present, attending, engaged, and interacting. To some extent, their approach, as
the pioneer of engagement intention estimation, is a relatively heuristic way that
only considers the spatial features and the classification is based on observational

behavioral analysis.

Bohus and Horvitz propose a machine learning approach to detect user engagement
intention [36, 38]. The prediction model is embedded in an interactive kiosk that

displays a realistically rendered avatar head. When a person is detected, (a) the
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location of the detected face in the visual scene, (b) the width and height of the face
region, which indirectly reflects the proximity of the agent, and (c) a probability
score and a binary version which reflects the confidence that the face is frontal
and thus provides an automatic measure of the focus-of-attention of the agent, are
generated and forwarded into a pre-trained maximum entropy model to make a
prediction. They also compute the trajectory of the above features and compare
the prediction results of different feature combinations. Their results show that the
prediction can be made 3-4 seconds before actual engagement with a false positive

rate of 7.2% as a minimum.

Similarly, Xu et al. developed an engagement-aware robot using a machine learning
approach [34]. They detected both engagement and disengagement intentions of
users with a Support Vector Machine (SVM) using features such as the direction
of attention, change of speaking status, change of emotions, and distance. They
also detected the attention saliency of the users to estimate who is engaged and
which ones have higher attention saliency and deserve more attention. To achieve
this, they used a linear regression model considering attention saliency as a linear

variable.

Vaufreydaz et al. propose an approach to detect engagement towards a companion
robot using 32 multi-modal features including spacial, acoustic, and body fea-
tures [39]. The adopted classification techniques are the Multi-Class Support Vec-
tor Machine (MC-SVM) and an Artificial Neural Network (ANN). They compare
the performance of these two classifiers and find that detecting performance does
not lose by reducing the features space to seven features: face size, the lateral
position of the face in the visual scene, activated audio beam, audio localization,
speed in the x-axis, position on the y-axis, and the relative orientation of the shoul-
der in the body. However, they do not explain the results and the reason for the

contribution of these seven features.

Foster et al. compare a rule-based hand-coded method and supervised learning
methods to classify user engagement in bartender-supporting interactions [40]. The
rule-based method assumes that a user engages with the system when he/she comes
close to the bar and makes eye contact with the bartender, while the data-driven

approach uses the face and head coordinates of the user as input features. The
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output class is either notSeekingEngagement or seekingEngagement. They point
out that the performance of the rule-based method is even more competitive with
that of the trained classifiers. Besides, they present a classifier based on conditional

random fields (CRFs) to address the frequently changing prediction results.

Ozaki et al. adopt a deterministic finite automaton (DFA) method to solve the
same problem [41]. The experiment is conducted in a reception system located
at the entrance to a virtual company, with an RGB-D sensor and an IR distance
sensor device. The real-world position and the head angle of the pedestrian are
collected to encode the pedestrian’s action. Particularly, the action is a set of
binary values of gaze, near, far, exist, stop, approach, and leave. They also design
seven pedestrian states from an observational study, including not found, passing
by, look at, hesitating, approaching, established, and leaving. Finally, a state

transition is made based on the original state and a rule-based transition function.

Existing weaknesses. Although most works have their contributions to manag-
ing engagement intention, most of the previous work is still heuristic. Specifically,
different feature sets are used to reveal human engagement intention without gen-
eral support from psychological and cognitive science [36, 37, 40, 41], after which
collected data is fed into some black-box classifiers to make prediction [39, 40].
The applied machine learning classifiers are trained with the default parameters of
corresponding toolkits, so the evaluation and comparison are not reliable enough.
Moreover, temporal information from data is not adequately utilized. Some work
predicts user engagement intention only uses the data from a single frame [37, 39|
or simply calculated trajectory [36] to add time-related factors. Nevertheless, the
temporal signal contains rich information that is fairly useful to make stable en-
gagement tracking. [36, 37, 39—41] use features that are easy to gain such as body
orientation to instead crucial cues like gaze direction, which has been proved as the
crucial signals for engagement from psychological and cognitive science. Finally,
The discussion of the multi-party interaction scenario is overlooked. Although [36]
and [40] mention that their experiment scenario is multi-party interaction, none of
them actually discuss the situation of multi-party. Their approaches are only be
applied in a two-party conversation, i.e., there is no interaction between human
participants. The estimation is made from the view of a robot system but ignores

that new participants may express engagement intention towards another member
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in an established interaction, which also can be inferred as having engagement

intention with the robot.

The techniques employed by existing works can be grouped as rule-based and data-
driven methods. With the progress in computing power and machine learning
algorithms, classifiers such as SVM and VNNs are often used. However, data-
driven approaches are still rare due to the lack of adequate datasets. Recently
deep neural network approaches are proposed [108]. In this work, a multi-branch
model is proposed, which learns from social signals and image features. While
the deep CNNs [109] are used to extract image features, relatively shallow multi-
layer perceptrons are used to learn the pattern in social signals that have a small
dimension. Moreover, thanks to the LSTM [110], temporal information is exploited

to improve the estimation stability.

2.4 Engagement Estimation in HRI

Traditional EE [111-115] extracts high-level social features, for example, body pose,
facial expressions, and gaze, followed by a machine learning classifier. Recently,
with the great progress of machine learning in computer vision, more and more
deep learning methods have been developed [77, 78, 116-120]. A summary of the

estimation methods is given in Table 2.2.

Machine Learning Classifiers. In general HRI, Salam et al. classified engage-
ment using support vector machine (SVM) and random forest (RF), depending on
predicted personality in a triadic interaction [111]. They advanced the concept
of engagement to the group level and claimed that categorization of engagement
based on individual and interpersonal features without personality is insufficient.
A similar work was proposed by Celiktutan et al. [112]. Ben-Youssef et al. studied
engagement from the breakdown perspective, i.e., users leave before the expected
end [113]. They extracted non-verbal multi-modal data such as the distance to a
robot, gaze and head motion, facial expressions, and audio. A logistic regression

(LR) classifier was used.
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Another widely investigated situation is online or in-class learning. Monkaresi et al.
explored engagement in the situation where students completed an online writing
activity [114]. Heart rate, action units (AUs), and local binary patterns were
extracted and fed to some classifiers like Naive Bayes (NB). Gao et al. predicted
students’ learning engagement in real-world classes on emotional, behavioral, and
cognitive levels [115]. They used a set of features from wearable and indoor sensors

to infer students’ engagement status.

Deep Neural Networks. The aforementioned approaches require the expert
design of input features and cannot efficiently deal with large feature dimensions.
Del Duchetto et al. proposed a regression model based on CNNs and Long Short-
Term Memory (LSTM) networks, which allows robots to compute the engagement
from ego-view HRI videos [117]. The model was built on a long-term dataset from
an autonomous tour guide robot in a museum. Zhu et al. presented an attention-
based Gated Recurrent Unit network to predict engagement of students learning
online [118]. Taking the advantage of the published dataset [113], Saleh et al.
applied Inflated 3D ConvNets architecture to predict engagement state in an end-

to-end way [116].

To estimate the engagement of children with autism spectrum disorder interacting
with robots, Anagnostopoulou et al. compared AlexNet [121] and 2D CNNs using
2D or 3D poses [120]. Rudovic et al. proposed personalized reinforcement learning
(RL) to estimate engagement levels (low, medium, high) from videos of child-
robot interactions [119]. The videos were labeled offline by experts, and used to

personalize the policy and engagement classifier to a target child over time.

For HHI, Sumer et al. utilized video recordings of classes to get attentional and
emotional engagement features, and then applied SVM, RF, multilayer percep-
tron (MLP), and LSTM to predict students’ engagement levels [78]. Guhan et al.
described a multi-modal GAN-based approach, called ABC-Net, to identify engage-
ment from online dyadic HHI recordings [77]. They utilized three-branch networks

to gain valence and arousal, from which they generated engagement labels.

Existing weaknesses. All the previously mentioned methods require expert in-
volvement. To achieve automated estimation, Steinert et al. proposed a vanilla

LSTM model to predict emotional engagement [122], based on facial features (by
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L1, G, and M denote individual, group, and multi-party. The difference between multi-party and group is that multi-party
treats participants separately but group treats them as a whole.
2 Modalities: vis = visual, dpt = depth, per = personality, aud = audio, phy = physiological, env = environmental, and txt

3 Symbol ‘&’ indicates using both and comparing with each other, and symbol ‘+’ means combining to form a framework.
4§ represents the inferred engagement label or value. For classification, Eng = Engage, Brk = Breakdown. The letters
before Eng and Brk are N = Not, H = Highly, B = Barely, and M = Medium.
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OpenFace [123] and VGGFace [124]) and contextual information (daytime, wellbe-
ing, etc.) Similar to [122], this work is also an automated method. Not only visual
facial features, but also affective features, behavioral features, and the relationships

among all participants in the main interaction group are used in the research.

2.5 Personality Estimation in HRI

Many unimodal or multi-modal personality prediction approaches have been pro-
posed with good estimation performance. Vision-based personality prediction aims
to predict a target person’s personality from pure visual modality, e.g., RGB im-
ages or videos. The corresponding approaches are based on the assumption that
personality traits lead to stable patterns of behavior that people tend to exhibit.
Commonly used visual features are facial and body information. Through the
analysis of these non-verbal behaviors, models are expected to provide scores of

personality traits.

Preliminary studies have to extract well-designed features first, which requires pro-
fessional knowledge from experts. Salam et al. introduce a personality regression
method that utilizes both individual and interpersonal features [111]. They extract
motion, skeleton activity, histogram of gradient, etc. as individual features and vi-
sual focus attention, relative orientation, distance, etc. as interpersonal features.
Finally, a Gaussian process regression model is used to provide the final personality

score.

Recently, more works rely on deep learning techniques. In ECCV Chal.earn LAP
2016 challenge [125], a competition to predict the first impression, i.e., apparent
Big Five personality traits from multi-modal YouTube videos, many competitive
deep learning models are presented with the best accuracy above 0.9. Gurpinar
et al. proposed an approach extracting face and scene representations from pre-
trained VGG-19 and audio representations from OpenSmile are fed into an extreme
learning machine [126]. In contrast to using body language, Tellamekala et al. pro-
pose a facial-based regression approach. They propose an uncertainty-aware model
that first identifies emotions and then uses the predicted emotion distributions and

image features for personality recognition [127].
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In the interaction scenario, Celiktutan et al. predict real and apparent personality
by incorporating various multi-modal features, e.g., visual, audio, and physiolog-
ical, and use a standard support vector machine (SVM) [112] for classification.
They demonstrate that using features from different modalities improves overall
performance, but the advantage depends on the interaction scenario and which
personality trait is predicted. Romeo et al. present a benchmark of apparent
personality from body language [128], which is built on [112]. They classify per-
sonality into low or high subsets. They evaluate 3DCNN [129], 3DResNet [130],
VGG DAN+ [131], and CNN+LSTM [132] in terms of precision, recall, Fy, and
AUC.

In terms of real personality prediction, Shao et al. model the cognitive processes
to predict real personality [133]. They use the facial landmarks and audio from
the speaker to model the listener’s facial reactions and personality by using a
CNN-graph method. Palmero et al. highlight the importance of context [134].
From their proposed action transformer-based model, context information, e.g.,
local scene, extended scene (videos from interlocutor), and meta-data (age, gender,
etc.) consistently improves the performance, but they also claimed that none of the
proposed feature combinations achieve a substantial improvement over the model
only consider face features. Salam et al. propose a personalized model using gender
and age as the profiling criteria with Neural Architecture Search (NAS) [135].
Curto et al. present a Transformer architecture to model long-term individual and

interpersonal features in dyadic interaction and predict real personality [136].

Existing weaknesses. These works provide valuable discussions on real person-
ality prediction, and also explore the effects of different modalities and contextual
information. However, they only focus on real personality, while the relationship
between real and apparent personality, as well as their correlation with varying

information, is not well explained.

2.6 Emotion Recognition in HRI

Emotion analysis has been investigated from various perspectives. The prevailing

method of emotion recognition involves analyzing facial expressions. Eleftheriadis
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et al. proposed an architecture that detects joint action units (AUs) and performs
facial feature fusion in a shared low-level subspace, which is learned by Gaussian
processes [137]. Fabian et al. introduced an algorithm to recognize AUs, AUs
intensities, and 23 emotion classes [138]. Arriaga et al. proposed a CNN-based
framework for real-time face detection, gender inference, and emotion recognition
tasks [139]. Since the above arts usually require clear facial features, Li et al. intro-

duces the attention mechanism to overcome the negative effects of occlusion [140].

Although the mainstream way of emotion recognition is based on facial expression
analysis, the inference becomes very challenging when the facial information is un-
clear or difficult to obtain. Also, from a psychological aspect, facial expressions
are not the only channel to convey affects. As a result, some works have investi-
gated emotion recognition with multi-modal data. For example, Schindler et al.
conducted research on a limited dataset of non-spontaneous postures recorded un-
der controlled circumstances, using the body pose to identify the six fundamental
emotions [141]. Nicolaou et al. used the position of the shoulders in addition to

the features of the face to identify fundamental emotions [142].

In addition to the crucial roles of the face and body features for emotion recogni-
tion, context is also an important factor. Kosti et al. emphasize the importance
of considering the context for recognizing people’s emotions in images [143]. They
proposed a CNN model jointly analyzing the target person and the entire back-
ground environment to recognize emotions. Their proposed architecture consists of
two branches and a fusion module, which takes account of body and image features.
Similarly, Lee et al. presented a context-aware emotion recognition network [144].
Unlike the former, Lee used a face encoding stream instead of the former’s body
feature extractor, and adaptively fuse the face and context features. More re-
cently, Mittal borrowed Frege’s context principle from psychology. They designed
a three-interpretation approach to recognize emotion in wild scenarios, using faces
and gaits, semantic context, and socio-dynamic interactions and proximity among

agents [145].

Existing weaknesses. Many issues have still not been thoroughly studied and
addressed. First, rather than emphasizing a person’s actual emotions, the majority

of the aforementioned context-aware research concentrates on identifying perceived
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human emotions. In addition, emotion recognition of participants in human inter-
actions, where a person is no longer an isolated individual with a fixed moment but
rather a person who changes over time and is influenced by interactions and other
interlocutors, differs significantly from single-person emotion recognition in gen-
eral scenarios. The link between personality and emotion, or the degree to which
personality affects the creation of feeling, is a topic that has not gotten much
consideration. To solve these problems, a novel method of emotion estimation is
proposed. The most relevant work is from Zhang et al. [146]. They presented a
multi-task framework for emotion and apparent personality estimation, but their
method estimates apparent personality from emotion, which is opposite to the

proposed data flow, from personality to emotions.

2.7 Summary

In previous sections, multi-party social HRI and non-verbal information are re-
viewed, as well as four particular estimation tasks, such as engagement intention,
engagement, personality, and emotion estimation. In this section, a summary of
existing weaknesses for estimating non-verbal information in HRI and potential

directions for further research will be provided.

Social psychology studies. As discussed in Section 2.3 and Section 2.4, re-
searchers used to rely on their experience to select social signals as input, without
sufficiently studying the relevant literature in behavioral and social psychology sci-
ence. The process of feature selection also needs expert involvement. Moreover,
while some studies have investigated the contribution of different social signals,
they have not been adequately tested in a wide range of scenarios. Finally, current
social signals, which are considered cues of certain intentions or affective states, are
concluded from human-human interaction. However, as human beings increasingly
interact with various social agents such as robots and virtual humans, there is a

need for further study on how human beings interact with these agents.

Multi-party social HRI. It is very important that multi-party social HRI in-
volves more complex interactions than dyadic ones, where there is more than one

human participant involved. In such scenarios, social signals can be difficult to
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detect and interpret. Thus, analyzing multi-party non-verbal social information is
crucial for developing practical HRI agents. For example, the four target tasks pre-
sented in this thesis have primarily been studied in dyadic interactions. However,
in real-world settings, these tasks are often present in multi-party interactions, and
their study in such scenarios has not yet been discussed. Therefore, it is neces-
sary to extend the study of these tasks to multi-party scenarios to develop more

comprehensive and natural solutions.

Multi-scale and multi-modal learning. Firstly, there are relatively few meth-
ods that utilize both high-level social signals and low-level image features to ex-
ploit the joint strengths. However, incorporating multi-scale hierarchical features
has shown good performance in various tasks such as in [147]. Therefore, effective
fusion of multi-scale features is a promising direction for further research. Sec-
ondly, as mentioned earlier, multi-modal fusion methods have been suggested for
non-verbal information estimation tasks. Combining different modalities that can
complement each other often leads to better estimation performance. However,
many existing multi-modal approaches have not been as successful as expected
due to various challenges. This indicates that there is still room for developing

more effective strategies for multi-modal fusion.

Dataset and benchmark. One of the weaknesses in research on estimating
non-verbal information in HRI is the lack of datasets. Most existing datasets are
limited to dyadic interactions and do not cover the complexity of multi-party so-
cial interactions. Moreover, there is a need for more diverse datasets that consider
different cultural and gender backgrounds. In addition, existing datasets are often
collected in controlled lab environments, which may not reflect the complexity of
real-world interactions. To address these limitations, one potential direction is to
collect more large-scale, diverse, and multi-modal datasets. Another direction is to
explore the possibility of synthesizing datasets using generative models, which can
provide a larger and more diverse training set without requiring expensive data
collection efforts. Additionally, available benchmarks to evaluate model perfor-
mance are needed. Currently, there is a lack of standard evaluation protocols and
datasets, making it difficult to compare the performance of different methods and

track progress.
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Efficient algorithm development. With the advancement of computer vision
technology, many new techniques can be helpful for non-verbal information esti-
mation in HRI, but efficiently integrating them into real-world platforms remains
a challenge. Some lightweight models, such as [148, 149], are designed for embed-
ded vision applications. To achieve a balance between latency and accuracy, it is
important to explore how to effectively apply these models to downstream tasks

and to design novel models that are tailored to HRI scenarios.

The aforementioned potential research directions are not exhaustive, and there are
numerous other promising directions. Due to constraints on time and resources,
this thesis aims to provide some solutions to the first three directions: social psy-
chology studies, multi-party social HRI, and multi-scale and multi-modal learning.
The subsequent chapters elaborate more specific approaches taken to address these
gaps. Nonetheless, there is still much room for further research in the field of non-
verbal information estimation in multi-party social HRI, and it is hoped that this

thesis can inspire future research in this area.



Chapter 3

Engagement Intention Estimation
for Multi-Party Social HRI

3.1 Introduction

The problem addressed in this chapter is to estimate whether people around an TA
have an engagement intention to start an interaction with it. Compared to many
existing works that detect engagement during human-robot interaction (HRI), this
chapter focuses on the period before the starting of interaction. There are many
reasons for choosing this problem as the first work in multi-party social HRI. Firstly,
engaging at the start of an HRI, the politeness is attractive to users. Secondly,
engagement prediction enables the robots to actively invite and naturally interact
with the users in dynamic multi-party scenarios. Traditionally, users utilize a
pre-defined activation command to trigger a robot’s interaction manager and then
start a conversation. However, in daily life, robots are also needed to actively
greet or attract someone’s attention, which can be treated as a manifestation of
social awareness. For example, greeting and attention attraction can be applied to

receptionists and street sellers.

Estimating human engagement intention is a challenging task. First, human be-
havior and social cues that express the intention are mainly non-verbal information

that is difficult to recognize. Second, the behavior in which people express their

41
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intention is various and sustains short duration, which increases the difficulty in
learning a general estimation model. Third, available datasets were collected in
different scenarios by different devices, so the data types are often not the same,

which makes the evaluation and comparison hard.

Michalowski et al. [37] proposed a model using distance and head pose to clas-
sify users into one of the four engagement groups: present, attending, engaged
and interacting. Utilizing spatial information with additional moving trajectory,
Bohus and Horvitz [38] developed a machine learning approach to detect engage-
ment intention. Vaufreydaz et al. [39] proposed to detect engagement towards a
companion robot using 32 multi-modal features including spacial, acoustic, and
body features. They compared the performance of support vector machine (SVM)
with vanilla neural networks (VNNs) and found that detecting performance does
not decrease by reducing the features to 7 ones. Foster et al. [40] compared a
rule-based hand-coded method and supervised learning methods to classify user
engagement in bartender-supporting interactions. They pointed out that the per-
formance of the rule-based method could even be more competitive than that of
the trained classifiers. They also presented a classifier based on conditional ran-
dom fields (CRFs) to address the frequent changing of the classification results.
Ozaki et al. [41] encoded user positions and head angles into actions and then
predicted user decisions through a deterministic finite automaton. Recently, Ito et
al. [108] proposed an end-to-end model using RGB images to predict the start of
user interaction, in which the learning between oracle faces and facial keypoints is

highlighted for improving the performance.

Most of the existing works focus on extracting social signals heuristically and val-
idating feature effectiveness e.g., feature sets used to reveal human engagement
intention do not have ground from psychological or cognitive science. They also
analyze engagement intention for each frame without adequate exploration of the
temporal information. The applied machine learning classifiers are trained with
the default parameters of the toolkits. Temporal information from data, which
contains rich information for stable estimation, is not adequately exploited. The
multi-party interaction is often overlooked. Studies are given from the view of

the robot system in the dyadic interaction, but by this way, a new participant
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who expresses engagement intention towards another member in an established

interaction might not be classified as a potential participant.

Inspired by the success of deep learning in computer vision and natural language
processing, this chapter introduces a method for estimating engagement intention
using multi-branch neural networks. The hypothesis is that the proposed approach
can effectively estimate engagement intention in multi-party HRI by leveraging
both social signals and visual cues. To validate this hypothesis, experiments are
conducted on three publicly available datasets, and the proposed method is eval-
uated using several standard metrics such as accuracy, balanced accuracy, and
Fl-score. Although there is no available benchmark, comprehensive ablation stud-
ies are performed to determine the contributions of the individual components of
the multi-branch neural network. The results of these experiments demonstrate
the effectiveness of the proposed method and provide insights into the factors that

contribute to accurate engagement intention estimation in multi-party HRI.

The proposed model is designed to take in social signals and image features as
input leveraging multi-modal features to incorporate rich information from both
sources. The output is a probability indicating a person’s intention to engage with
the TAs. Social signals can be obtained through sensors such as laser trackers or
extracted from images using state-of-the-art algorithms, whereas image features are
extracted using CNNs. The model is designed with a multi-branch architecture that
processes different inputs independently. For example, only the social signal-related
branch is activated if social signals are available but images are not available due
to privacy concerns. It’s worth noting that human engagement intention typically
doesn’t change rapidly, so the model incorporates LSTM layers to leverage temporal
information and improve engagement intention estimation over time. The main

contributions of this chapter are:

e A novel architecture is designed to estimate the engagement intention of
potential participants in multi-party HRI scenarios. This new architecture is

characterized by its multi-branch and adaptable input structures.

e The findings from psychological research are reviewed and summarized to
identify high-level social signals that can be combined with image features to

serve as inputs.
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e A new neural network based on CNN and LSTM is proposed to estimate the

engagement intention of potential participants.

e A novel feature transition method is designed to interpret multi-party social

signals, which is essential to enable robots to perform well in such scenarios.

e The experimental results indicate that the proposed approach has good per-
formance in terms of accurately estimating engagement intention by utilizing

multi-modal features.

3.2 Overview of the System Architecture

3.2.1 Socially Intelligent Agent Platforms

In order to clearly explain the process of data collection, multi-party social HRI
scenario setting, etc., a brief explanation of the experiment platforms is presented
first. I would like to express my sincere gratitude to my colleagues for their invalu-
able contributions. The social robot and virtual human they have developed has

enabled me to carry out my experiments smoothly and efficiently.

In this chapter, a virtual agent, named Nicole, is used for engagement intention
estimation. The appearance of the virtual agent is illustrated in Figure 3.1 (right).
It should be noticed that a humanoid robot, called Nadine, is used in another task
(Chapter 4), which is also shown in Figure 3.1 (left). Since both platforms have the
same technical structure, for the sake of streamlining the presentation, the structure

and functionality-related information of the social agents will be described here.

Nadine is a believable-looking female humanoid robot with synthetic skin. Natural
facial emotions and body movements can be made by 27 degrees of freedom of
her body and face. Nicole, a female virtual human, is created by the Institute for
Media Innovation (IMI). Her appearance and animations are created in 3ds Max,

and the behavior is generated in Unity.
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FIGURE 3.1: The appearance of Nadine robot (left) and Nicole virtual human
(right).

The entire system includes three subsystems, namely (i) perception subsystems, (ii)
processing subsystems, and (iii) action subsystems. Figure 3.2 shows the system

architecture of the social companions.

The perception subsystem consisting of several sensors receives signals from the
real world. Specifically, signals of scene image, depth, and participant skeletons
are collected from a depth camera (Orbbec or Kinect V2), and the audio is gained
through a microphone. After the collection of raw data, further processing to get
semantic information is also done in the perception module, such as person iden-
tification, skeleton detection, and speech recognition. The semantic information,

jointly with the raw data, is the input for the processing subsystems.

The processing component simulates the human cognitive and affective processes.
From the peripheral area to the central area, managers and chatbot first focus on

individual corresponding tasks, and then the processing results are forwarded to
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core managers, i.e., the dialog and behavior managers, which are directly linked

with the action subsystems.

Finally, the verbal language and non-verbal behavior are shown through the output
hardware, such as synthesized speech and tone, head movement, body gestures, and
facial expressions. An integrated interaction platform (I2P) is created to provide
flexible integration and communication among different modules. The Thrift server
architecture is used for data exchange and event posting across modules. C++,

Java, and Python are utilized for system development.

3.2.2 Experiment Scenario

The experiment scenarios for studying engagement intention in HRI are various
from different research groups. Some of them focus on a dialog system, a robot
bartender, a robotic receptionist, or other functional virtual agents. In this work,
the scenario is designed as a small group conversation including two human be-
ings and a virtual agent. The three-participant scenario is a big change in HRI
because these three parties form the minimum multi-party interaction. In the data
collection and testing period, these three parties naturally form a small, free-topic,
face-to-face conversation group, where the virtual agent serves as one of the group

members.

3.3 Proposed Approach

The overview framework of the proposed user engagement intention estimation
mechanism is illustrated in Figure 3.3. The original input X includes two pieces
of sequential information of a user: (i) social signals and (ii) RGB images, col-
lected from sensors like laser trackers, motion captures, and cameras. It is worth
mentioning that these two types of data are not necessarily always available. An
input buffer is designed to check the accessibility of each type of these data. Then
high-level social signals and image features are extracted at the feature extraction
stage (see Section 3.3.2). Feature transition is performed in multi-party scenarios

(see Section 3.3.3). The processed features X’ are fed into a multi-branch network
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(see Section 3.3.4), which outputs a probability p of the user having engagement
intention. When p is greater than a threshold §, the IA greets him/her.

Feature transition in multi-party HRI

Extract social and image features

=¥ :
: é—‘g Check input category
L 2 E
' a2 Image sequence Social signals I
1 C :

FIGURE 3.3: The framework of the proposed user engagement intention estima-
tion.

3.3.1 Social Signal Selection

Proxemics is a common social cue in HRI [70] indicating the human use of space and
the effects that population density has on communication and social interaction.
Hall et al. introduced a spatial model that categorizes the surrounding area of a
person based on different levels of social activities [69]. Studies [37, 38] proved the

usefulness of distance and moving speed in engagement intention estimation.

Kendon and Ferber [71] suggested that there is a pre-phase when people want

to initiate an interaction with others: sighting, orientation, and approach; official
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movements and gestures; gaze, and extension of one or both arms; smiling and
mutual gaze; ritualistic speech and body contact. Also, Langton et al. discovered
that people gain social evidence from different cues based on distance changing [72].
Body orientation, face orientation, and gaze direction are used from far to near.
Moreover, facial expressions is frequently used in multi-modal emotion and engage-

ment studies [114].

Based on these studies, a set of engagement-related social signals are selected and
categorized into (a) proxemic signals, (b) body signals, and (c) facial signals as
shown in Table 3.1.

TABLE 3.1: Social signals for engagement intention estimation.

Category Features

Proxemic signals Location
Distance
Moving speed
Moving orientation
Body signals Body joint positions
Body orientation
Hand-waving state
Facial signals Facial landmarks
Facial action units (AUs)
Face orientation
Gaze direction

3.3.2 Feature Extraction

The raw input data may include social signals and images collected by sensors.
Here, the extraction of social signals from images will be discussed. The subscript

(p,t) denotes a person p at time t.

Proxemic signals. Proxemic signals of person p include his/her 3D location
Iy, the distance d,; between p and IA, his/her moving speed ms,; and moving
orientation mo,:. When these proxemic signals are not available, the 2D location
of the body bounding box, the size of the bounding box, and its center moving

speed are used to estimate the corresponding features.
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Body signals. Body signals include body joint positions j(n),: where n is the joint
index, body orientation bo,;, and hand-waving state hw,;. Similar to proxemic
signals, the size of the bounding box, as a substitute, are employed to estimate
body orientation. For body joints and hand-waving, the OpenPose network are
applied, a toolkit for detecting the 2D pose of multiple people in an image [150]. A
total of 25 body joints are extracted. Hand-waving state (hw,.) is generated from

hand and elbow data, represented in the binary form as

o, = { 1, if j(hand).y, > j(elbow).y,, 51)

0, otherwise

where j(hand).y and j(elbow).y represent the vertical locations of the hand and

elbow.

Facial signals. Facial signals include facial landmarks fl,, and AUs au,,, face
orientation fo,;, and gaze direction g,;. Facial Action Units (AUs) are a standard
way to objectively describe human facial expressions. OpenFace is an open-source
toolkit [123] for analyzing facial landmarks, head pose, gaze, and AUs. As it has
been successfully used for affective-related tasks, it is selected to extract facial
signals. For facial landmarks, 68 2D key points are detected. To estimate facial
expressions, 35 AU features are extracted. Face orientation is represented by pitch,
yaw, and roll. For gaze direction, 3 directions for each eye in world coordinates are
gained, along with a 2D averaged 2-eye gaze direction. To sum up, a total of 182

face signals for every frame are extracted.

Image features. To extract general image features, CNNs are utilized. Specifi-
cally, image features from the body and face images are separately extracted. To
reduce the training cost, two pre-trained models are utilized to extract image fea-
tures. OpenPose network is used to extract the body heatmap by removing the
output layer. VGGFace [124], a deep CNN network that has been used for face

recognition, is used for extracting face image features.
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3.3.3 Feature Transition in multi-party social HRI

In the multi-party scenario, engagement intention estimation becomes more chal-
lenging. Firstly, data extraction and tracking are difficult because multi-person
alignment is more complicated and skeletons might overlap due to occlusion or
truncation by image boundaries. Secondly, the interaction turns into a compli-
cated dynamic process where people can interact with each other rather than with
the TA. Thus, in the multi-party scenario, the key is how to enable the TA to

recognize a person’s social signals that are expressed toward another participant.

Figure 3.4 shows two common multi-party social HRIs where sensors are placed
above an TA in ego view. When the TA is talking to p;, a potential participant ps is
detected. In Figure 3.4 (a), the social signals from py expressed towards the TA can
be processed by the engagement intention estimation model in a robot-centered
way. However, the robot-centered method cannot be directly applied to all multi-
party situations. For example, in Figure 3.4 (b), the system setting is unchanged
(i.e., sensors are still placed above the IA) but ps indicates to p; that he wants
to interact with her or join the conversation. Then the previously extracted social
signals that are processed by the robot-centered way may not accurately convey py’s
real intentions. For instance, ps does not look at the IA, but gazes at p;, which is a
strong social signal of having engagement intention. However, the robot-centered
data processing will interpret this signal as a big gaze deviation, which is a strong

social signal of no engagement intention.

A feature transition is proposed to make the intention estimation be adapted to
multi-party scenarios. As shown in Figure 3.4(c), the transition functions are
controlled by participants’ geometric relationships (location and orientation). Par-
ticularly, proxemic signals and joint positions are recalculated from the view of p;.

For example, distance d,, ; is computed as

dpy ¢+ = sqrt ((l.xpht — l.xm’t)z + (l.zpy ¢ — l.zp27t)2) (3.2)

where [.z and [.z represent the x and z coordinates of the location.

Let o denote the orientation-related features, ia represent the IA, and 6 be the

angle formed by relative positions (Figure 3.4(c)). Then, the orientation of py with
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FIGURE 3.4: (a) and (b) are examples of multi-party social HRI. Dot and solid
circles on the ground denote existing interaction and potential interaction, re-
spectively. The yellow arrows denote social signals. (c) is the top view of (b)
illustrating the transition of orientation-related features in multi-party social
HRI.

respect to p; can be computed by

O(p1,p2),t = Olia,p2),t — Ops - (3-3)

3.3.4 Engagement Intention Estimation

To estimate the engagement intention, a CNN-LSTM network is proposed, whose
architecture is shown in Figure 3.5. The input X is a sequence of raw data
Ty, t = a,...,a + T where a denotes the first frame index. After the data cap-

turing process, three branches P, B, and F' are designed to discover information
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from three categories (proxemics, body, and face). Specifically, proxemic signals
are sent to branch P. Body signals and body images are sent to branch B. Facial

signals and face images are fed into branch F'.

Five signal sets are separately forwarded into the CNN-LSTM networks. Only
images are fed into the first CNN layer. P, B, B;, Fs, and F; denote the feature
forward paths. The independent processing of each feature set has advantages.
First, note that not all five feature sets are always available. Separating branches
allows certain feature sets not to be required by easily deactivating the correspond-
ing branches. Second, social signals, especially proxemic signals, innately have a
smaller dimension size, but contain important semantic information. The multi-
branch structure gives them a shallow network, which has the benefit of avoiding

overfitting.

For branches B and F, the outputs from the middle fully connected layer (FC)
are concatenated together followed by being forwarded to another FC layer. The
objective is to learn the relationship between high-level social signals and general
image features. The outputs from branches P, B, and F' are denoted by pp,+, b+,
and pfy:, which are the branch-level inferences of person p having engagement
intention at time ¢. Finally, the probability p,; is outputted by averaging three

intermediate probabilities.

For each input X = [z, ..., Z417], there is a corresponding label Y = [y4, ..., Yair]-
T'+1 subsequent frames are used for training the LSTM to estimate the engagement
intention of an individual target frame 7', which means that the ground truth label
is yr. Considering that the datasets used in this chapter are highly imbalanced,
weighted cross-entropy loss is adopted as the loss function L to train the model:
1
L= N Z weyr,c log pyr, (3.4)
N C

where N and C' denote the mini-batch size and class, respectively, and w. is the

weight for class c.
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FIGURE 3.5: The architecture of the proposed CNN-LSTM network.
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3.4 Experiments and Results

3.4.1 Datasets

Compared to estimating user engagement level during the interaction, the social
signals used in the target problem are more imperceptible, momentary, and dif-
ficult to be captured, so the number and size of publicly available datasets are
small. Also, existing datasets often include distinctive features, e.g., raw images
or high-level social signals. In order to evaluate the proposed approach, three
public datasets are selected: ATC Trajectory [151], JPL-Interaction [152] and UE-
HRI [153].

ATC Trajectory is a dataset for revealing the trajectory of people who want to talk
to a robot, which was collected in the ATC shopping center in Osaka, Japan. The
dataset includes 130 trajectories of people who intend to initiate interaction with
the robot and people who do not. Features like position, moving speed, moving
angle, and face angle are provided without videos or images. There is a total of 64

positive and 67 negative trajectories.

The JPL-Interaction dataset provides interaction-level human activity videos from
the ego view. Shaking hands, hugging, patting, waving a hand, pointing, punching,
and throwing objects are acted. Although JPL-Interaction is not designed for
engagement estimation, it is a good dataset for target purpose since the videos
last from the initial stage to the interaction starting. The dataset is re-annotated
frame by frame and get 89 HRI sessions (46 sessions have engagement intention

and 43 sessions have no engagement intention).

UE-HRI dataset was collected in spontaneous HRIs. It originally includes 54 ses-
sions for studying user engagement breakdown, which has a wide range of data such
as videos, depth images, tracked user position, head pose, and gaze, from hetero-
geneous sensors. Similar to JPL-Interaction, UR-HRI is not intrinsically designed
for engagement intention estimation, but it contains data for a short period before
people started to interact with the robot (47 positive samples) or when people just

passed by (22 negative samples).
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3.4.2 Implementation

Cross-validation are performed to test the proposed model. For each dataset, it
has k interaction sessions. 80% interaction sessions are randomly chosen as the
training set and the rest 20% are test set. The dataset is split on the interaction
session level rather than the frame level. Each interaction session s has w; frames
x;, 1 € 0,...,ws with corresponding annotation Yj. The sequential input X from
consecutive T'+ 1 frames, i.e., X = [z, ..., T, 7], are sampled. Then each sample

X has an overlap of T" frames with its next input.

The model is trained in PyTorch from scratch. The chunk size is set to 7' = 29 (the
sequence length is 30 frames). In terms of the network architecture, a single-layer
CNN is used with an output size of 32. The sizes of LSTM’s hidden state for social
signals and image features are set to 16 and 64 followed by a dropout layer with a
rate of 0.5 to avoid over-fitting. The middle-stage FC layer’s output size is 32 and
the final-stage FC layer’s output size is 2 with the Softmax layer. The batch size
is set to 16. To optimize the cross-entropy loss, the model is trained for 20 epochs
using the Adam optimization with an initial learning rate Ir = 0.0001 and divided

by 10 every 5 epochs.

3.4.3 Results

After the first-step exploration into the datasets, it found that the JPL-Interaction
dataset is highly imbalanced, which is a very common issue in engagement intention
estimation, so three metrics are adopted, namely accuracy, balanced accuracy (the
sum of true positive and negative rates divided by two) and F1-score to evaluate the
results. Table 3.2, Table 3.3, and Table 3.4 show the performance of the proposed
approach.

In the ATC Trajectory dataset, the inputs include only social signals: proxemic
and facial signals. Table 3.2 reports the performance of activating proxemic branch
P, face branch F', and social signal paths P-F,. It shows the benefit of using
input features from different modalities. The method with the most input features

achieves the highest performance on all metrics. Particularly, balanced accuracy
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and Fl-score are 0.788 and 0.808, respectively, which supports that social signals
are assumed to represent people’s engagement intention. Notably, the results from

the proxemics branch are better than those from the face branch.

TABLE 3.2: Performance on ATC Trajectory dataset.

Method (Branches)  Accuracy Balanced Accuracy  F1

Proxemic branch (P) 0.772 0.781 0.795
Face branch (F) 0.585 0.570 0.681
Social signals (P-F;)  0.779 0.788 0.808

Table 3.3 shows the estimation results of the image-based dataset. After data
extraction, all branches can be activated. First, the result from the body branch
(F1=0.827) is better than that from the face branch (F1=0.465). This is contrary
to psychology studies but reasonable in the computer vision area. During the
implementation, it is found that the detection of facial features, especially gaze
direction and eye landmarks, is challenging when the distance is large. When
people turn faces or are far away from cameras, face detection may fail. To address
this issue, it may be helpful to take into account the effect of distance and image
resolution on the accuracy of feature extraction. Second, the estimation results
of using social signals and image features are not close, which implies that both
semantic information and image features are important. A similar pattern can be
found from the results on UE-HRI in Table 3.4. The highest Fl-score (0.873) is
achieved by using all features, whereas the highest balanced accuracy is 0.801 when
social signals are used. Moreover, it is found that using social signals tends to give
more true negative samples but fewer true positive samples, which is contrary to
general expectations. Therefore, in terms of better interacting with people who
have engagement intention, using all features for engagement intention estimation

seems to be a better choice.

3.5 Conclusion

In this chapter, a novel approach to estimate human engagement intention in multi-
party social HRI is presented. The proposed approach leverages multi-modal fea-

tures, including image features and social signals, to train a CNN-LSTM network.
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TABLE 3.3: Performance on JPL-Interaction.

Method (Branches) Accuracy Balanced Accuracy  F1

Proxemic branch (P) 0.647 0.572 0.623
Body branch (B) 0.842 0.831 0.827
Face branch (F) 0.514 0.493 0.465

Social signals (P-Bs-Fs)  0.690 0.701 0.683

Image features (B;-F;) 0.746 0.761 0.739

All (P-B-F) 0.851 0.844 0.887

TABLE 3.4: Performance on UE-HRI.

Method (Branches) Accuracy Balanced Accuracy — F1

Proxemic branch (P) 0.581 0.505 0.712
Body branch (B) 0.649 0.675 0.754
Face branch (F) 0.605 0.561 0.727

Social signals (P-Bs-F) 0.704 0.722 0.798

Image features (B;-F;) 0.783 0.590 0.871

All (P-B-F) 0.792 0.662 0.873

The selection of social signals is based on the literature of social behavior science.
The multi-branch architecture of the network allows it to adjust when different
types of inputs are fed. Furthermore, the LSTM layer exploits temporal infor-
mation to provide a stable estimation. Also, a novel feature transition method is
designed to interpret multi-party social signals. Through a series of experiments
and analyses on three datasets, the effectiveness of the proposed approach is demon-
strated. The approach has the potential to equip IAs with the ability to proactively
greet potential participants and enhance the user experience in multi-party social

HRI scenarios.

Although the proposed approach can learn and estimate human engagement inten-
tion, it can be further improved. Face features like eye gaze and facial expressions
carry critical information but are not fully delved into. People may have differ-
ent behaviors if they take different roles like acquaintances or strangers, or are in

different environments. Adding context to the estimation process will be helpful.



Chapter 4

Engagement Estimation During
Multi-Party Social HRI

4.1 Introduction

This chapter considers the problem of the estimation of engagement of the el-
derly in wild multi-party HRI. With the advance of social robots, deploying robots
at healthcare facilities becomes a possible solution to providing round-the-clock
medical and psychological care to the elderly, especially the people with dementia
(PwD), and supporting their caregivers as well [85, 154]. Natural elderly-robot
interaction (ERI) helps make the robot a good companion for the elderly who
usually experience declines in physical and cognitive capacities. This has a great
impact since the proportion of people aged 60 years and older in the world will
nearly double from 12% in 2015 to 22% in 2050 according to the World Health

Organization [155].

During the ERI, if the robot can recognize the engagement state of the elderly, it
helps the robot to respond to the elderly properly to maintain long-term interaction
or to produce appropriate social behavior for the elderly to feel a sense of belonging.
Here engagement refers to the inner state of a participant attributing to being
together with the other participants and continuing the interaction [75]. Many

studies have shown that engagement plays an important role in both human-human

59
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interaction (HHI) and HRI [156]. There are many applications, such as therapy
robots and virtual companions. This function can also be extended to more general

scenarios, such as evaluating student engagement and online teaching.

Engagement estimation (EE) is a kind of affective computing and behavior recogni-
tion, and it goes further to probe the inner intention behind the apparent behavior
and emotion. Many methods have been developed to estimate engagement in
various scenarios such as general HRI [111-113, 116], museum tour guide [117],
classroom or distance learning [78, 83, 114, 115, 118, 119, 157], and healthcare [4,
120, 122]. Conventional approaches use non-verbal cues such as proxemics, body
pose, gaze patterns, facial expressions, and context information to build classifiers.
Deep learning approaches have also been developed [77, 78, 116-118, 120]. How-
ever, most previous work assumes the interaction is in a laboratory environment or
a dyadic situation. When the research is expanded to special populations and more
complex circumstances as this chapter is (see Figure 4.1 for example), not much

work has been done before. This may be in part due to the following challenges:

C1 The non-verbal signals from the elderly alter in facial shape and patterns of
body behaviors along with aging [158, 159]. This challenges the conventional

computer vision approaches in accurately estimating engagement state.

C2 From dyadic to multi-party HRI, understanding the dynamics and stability

of the interaction becomes more complicated.

C3 In unconstrained wild space, moving people, bad lighting, confusing objects,

etc. make it difficult to interpret the complex environment.

To tackle these challenges, a supervised learning method for EE from real-world
multi-party ERI is proposed. The hypothesis is that by analyzing individual and
group non-verbal behaviors, the proposed method can accurately estimate engage-
ment in multi-party ERI. The effectiveness of the proposed method is validated
through comparisons with existing approaches and the results of ablation exper-
iments. Mean absolute error and mean squared error are employed to evaluate
performance. Specifically, the method takes a video clip as input and outputs the
estimated engagement state. Figure 4.2 shows the whole process. For each video

clip, the behavioral, affective, and visual feature maps are extracted firstly. A
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t=100 t=1000 t=2000 t=3000 t=4000

FIGURE 4.1: Three interaction sessions with five frames from the video record-
ings of real-world multi-party elderly-robot interaction demonstrate conversation
dynamics (from one to more participants) and unconstrained environment (open
space and free-moving background people). The videos are recorded from the
robot ego-view, and ¢ = [100, ..., 4000] denotes five time stamps.

ResNet-3D [160] is adpoted as the backbone to generate behavioral features from
the spacetime region. Affective and visual representations of participants are ex-
tracted using emotion recognition and face analysis tools. Then, these features
are fed into an individual learning module, where features are refined by a self-
attention mechanism. After that, the refined features are fed to the group learning
module, which is a graph attention network learning the relationships among par-
ticipants. The relationship conveys side participants’ information, which helps the
EE of the key elderly. Furthermore, to support the supervision, a real-world dataset
is collected and labelled, which is the video recording of the interaction between
the elderly and an intelligent social robot, using the conventional psychological

approach. The main contributions of the chapter are
e A novel and automatic method for estimating participants’ engagement levels
in multi-party HRI is proposed.

e More challenging and less explored wild multi-party interactions between

elderly people and a robot are analyzed, compared to existing approaches.
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e A novel engagement estimation framework for such scenarios is designed
by combining the engagement studies from psychiatry with computer vi-
sion techniques, where behavioral, affective, and visual engagement and their

features are investigated.

e A new deep learning model is constructed, which includes self-attention net-
works and graph attention networks to learn individual and group informa-

tion, which efficiently improves the performance of engagement estimation.

e A new dataset is created for studying engagement in multi-party elderly-
robot interaction in the natural environment. The dataset includes multi-

view video recordings and labeled annotations.

Raw Videos Feature Extraction

>I Engagement Estimator |

FIGURE 4.2: Overview of the proposed engagement estimation. The method
is composed of four modules: (i) Feature Extraction, (ii) Individual Learning
(Self-Attention Mechanism), (iii) Group Learning (Adapted Graph Attention
Network), and (iv) Engagement Estimation.
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4.2 Proposed Approach

According to Section 2.2.2, the elements of engagement include behavioral, affec-
tive, visual, verbal, cognitive, and social engagement. In this chapter, the goal is
to estimate the engagement of the elderly interacting with a humanoid robot in
casual conversation via a computer vision approach, so attention is paid to behav-
ioral, affective, and visual engagement. The verbal element is eliminated due to
the input modality, and the cognitive and social elements are overlooked due to

the participant’s physical and mental conditions.

The target problem in this chapter can be described as follows. In general, the
goal is to estimate the value of engagement. The input is a raw video clip of the
multi-party ERI in a wild environment. This video clip has a duration of about 10
seconds and contains only one elderly as the main participant and possibly a few
other participants. It is assumed that within this duration the elderly’s engagement
state is fixed and corresponds to a value in [0, 1]. The value 0 represents the lowest
level of engagement and the value 1 represents the highest level of engagement. In
real applications, HRI usually contains several interactive sessions and each session
can be further divided into a sequence of clips. If the value of engagement for each
clip can be estimated, the engagement state over the entire interaction session can
be obtained.

In this section, a supervised learning method for estimating the value of engage-
ment of the elderly given a video clip is presented. The method consists of four
modules. The first module is feature extraction. Some pre-trained network models
is used to obtain spatio-temporal representations of the input videos, where behav-
ior, affective and visual features are extracted. The second module is individual
learning, which refines individual features by adding a self-attention mechanism.
Because the facial and body features of older adults are difficult to recognize, a
attention mechanism to enrich individual features is introduced. The third module
is group learning. Here, a graph network is constructed to learn the response from
nurses and the relationships of participants within the group, which further helps
to understand the engagement of the elderly. The last module is engagement esti-
mation, which generates a value representing the elderly’s engagement state. This

is done by a fully connected (FC) estimator, i.e., the final layer of the network is a
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FC layer that generates final output by regression. The loss function for training

is based on the mean squared error (MSE):

M
1 .
MSE = +- > (i —9:), (4.1)
=1

where y; is the predicted engagement value, g; is the ground truth, and M is the
number of video clips. Figure 4.3 gives the overall architecture of the proposed

method. The first three modules are elaborated later in detail.

4.2.1 Feature Extraction

While there has been extensive research on human pose estimation and dynamic
gesture classification [161, 162], a ResNet-3D [160] is selected as the backbone to
capture spatio-temporal context of an input video clip. This is motivated by the
promising performance of ResNet-3D models in a wide range of video-related bench-
marks [163]. This backbone is pre-trained on Kinetics 400 [164]. The model details

are listed in Table 4.1. The spatio-temporal feature maps, X5 ¢ R1024x4x14x14

extracted from res, layer represents the behavioral engagement. Here 1024 is the
channel depth, 4 is the temporal dimension and 14 x 14 is the map size. As depicted

in Figure 4.3, four feature maps are gained in time positions.

Meanwhile, multi-person tracking on each input video clip is performed. The
purpose of this step is threefold: (i) the main interaction participants are identified
based on the bounding boxes; (ii) these bounding boxes is used to eliminate the
interference of redundant background information; and (iii) the tracked bounding
boxes are used as constraints for face tracking as a way to ensure the consistency

of face and body information.

Initially, multi-person tracking (MPT) is conducted using ByteTrack [165] to ob-
tain the bounding boxes (BBX) of the detected bodies. The screening of the main
interaction members is intuitively based on two variables: the frequency of a per-
son’s appearance in the temporal axis and the distance from the camera in the
spatial axis. These two parameters can be viewed as an empirical design related to

the experiment. The investigation results show that 20% and 5000 pixels are the
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TABLE 4.1: The structures of the proposed backbone model and expression analysis module.

Layer Name 7 Backbone 7 Expression Analysis
7 Architecture Output size 7 Architecture Output size
convl | 5xT7x7stride2,2 2 16x112x 112 | 7 x 7, stride 2, 2 112 x 112
maxpooll 7 2 X 3 x 3, stride 2, 2, 2 8 X 56 x 56 7 2 x 2, stride 2, 2 56 x 56
[ 3x1x1,64 ]
res2 1x3x3,64 | x3  8x56x 56 EWHWQMTM 56 x 56
| I x1x1,256 | ’
maxpool2 | 2x1x1,stride 2,1, 1 4% 56 %56 | N.A.
[ 3x1x1,128 ] i ]
res3 1x3x3,128 | x4 4x28x 28 wwwmm x2  28x28
| 1x1x1,512 | L2 e
3x1x1,256 - .
resd 1x3%x3,256 | x6  4x14x 14 wwwwmm x 2 14 x 14
1x1x1,1024 . ’ .
reshH pruned w H w“ Mw X 2 7Tx7
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optimal settings that are closest to real situation. The justifications behind this
design are: (i) The interaction sessions in experimental data last about 3-38 mins.
Lower frequency threshold (20%) is selected, because some side participants may
play very important roles in a partial period of time; (ii) The distance between the
camera and the participants is relatively fixed, so the size of the box can reflect
the distance when the body shape of the participants is ignored. 5000 pixels is a
choice that larger than most of the background characters and smaller than the

main participants.

Given these, Rol Align [166] is used to project the coordinates on the frames’

feature maps and slice out the corresponding features for each individual. After

that, the behavioral feature maps are refined to X2 € RNV*1024x4xXTxT "where N is
the number of detected participants. Formally,
X% = Rol (E (v),BBX) (4.2)

where v represents the video clip, and Rol and E are the Rol align and feature

extraction operations.

Firstly, to extract affective and visual engagement features, multi-face detection
is conducted by using RetinaFace [167]. In order to ensure the consistency of the
face and body in the temporal dimension, the dimension of temporal direction is
set to T' = 4. The detected N x 4 faces are used for affective and visual feature

extraction.

Specifically, a pre-trained ResNet-18 model is employed as emotion recognition
model, namely DMUE [168], on the cropped and aligned faces. To keep more
facial information, the original 8 emotion classification results is not used, but
instead, the final linear projection layer is removed and the mid-output from the
ress layer is used to represent affective engagement. An average pooling is used to

downsample features patch, which gives the affective features X4 € RV*4x512,

Also, OpenFace [123] is utilized to extract the visual features. Since visual engage-
ment is highly related to head and eye behaviors, head poses and gaze features

are selected. Particularly, 6 head pose, 6 gaze directions and 2 gaze angles, 112
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two-dimensional eye region landmarks, and 168 three-dimensional landmarks are

extracted, which together form the visual engagement features XV € RV*4x294

4.2.2 Individual Learning

For the behavior features extracted in the previous module, though they are local-
ized to the bounding boxes, they lack detailed body posture and action information,
which actually plays an important role in understanding behavioral engagement.
To overcome this issue, a self-attention mechanism [169] is introduced to refine the
behavioral features. The interaction between any two feature positions in spatio-
temporal dimensions is expected to be learned by the attention mechanism, and
this information is then used to enhance the feature representations by prioritizing
the critical body regions in the spatial domain and frames in the temporal domain.
As demonstrated by the ablation study in Section 4.3, capturing such fine details

contributes to the improvement of estimation performance.

For implementation, the self-attention mechanism is a non-local operation, which
calculates the response at a given position as a weighted sum of the features at all
positions. That is, the self-attention block receives behavioral feature maps X%
extracted from the previous module as input and outputs the updated representa-
tions highlighting the most informative features. The non-local block is shown in
Figure 4.4. X? is fed into three separate convolutions to embed the feature map.
The non-local operation f, together with ¢, a simple linear embedding, computes
the relationship between different locations. Then a residual connection is applied,

followed by an average pooling to downsample feature maps to the size of N x 1024.

For affective and visual features, because of the relatively small feature dimension,
the self-attention mechanism is not applied to them. Instead, an average pooling
(AP) layer is added, which works on the temporal dimension, to make affective

and visual features have appropriate sizes with the behavioral features.

Finally, these three individual’s features are concatenated to derive the refined

individual feature map:

H = [o(X") AP (X%) AP (X")]. (4.3)
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A

[ Avg. Pooling ]

~

Element-wise sum

Matrix multiplication

FIGURE 4.4: Self-attention block. The convolutional layers are all with a kernel
size of 1 x 1 x 1, but have different weights.

where « is the attention operation.

Note that in Equation (4.3), H is represented in terms of feature types. It is
reorganized according to the detected people. Without ambiguity, the notation H,
i.e., H = [hq, ..., hy] is still used, where each h; contains behavioral, affective, and
visual features obtained from individual learning, particularly h, is for the elderly,
and [, -] denotes concatenation. This H is then used as the input to the next

module: group learning.

4.2.3 Group Learning

EE of the elderly relies on subtle interactions among individuals present in a multi-
party social HRI scenario. It has been known that estimating engagement solely
from the elderly is not very reliable. In fact, in the elderly-nurse-robot interaction
scenario, nurses are not just the auxiliaries and participants of the interaction.

They are also the people who are in daily contact with the elderly and hence they
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have the prompt judgment about the expressions of the elderly. These judgments

are conveyed in their behaviors.

Generally in human conversation, each participant plays a specific role: speaker,
addressee, or side-participant who is part of the group of potential speakers but is
currently taking on a listening role [170, 171]. In a wild dynamic multi-party inter-
action, the main interaction group is defined to consist of participants, such as the
speaker, addressee, and side-participants. The rest, who may be bystanders and
overhearers, is called the background. In the elderly-nurse-robot interaction sce-
nario described above, it should be hypothesized that analyzing all participants in
the main interaction group and their relationships help to estimate the engagement

of the individual elderly.

To represent the main interaction group, a graph structure is designed where each
node corresponds to a participant and stores his/her feature map, and each edge
represents the interaction between the participants of the two nodes. Graph neu-
ral networks (GNNs) [172] is bulit to learn the graph representation, which is to
compute the hidden representation of each node in the graph by attending over
the rest. Specifically, an adapted two-layer graph attention network (GAT) [173] is
designed to learn the underlying interactions between nodes by computing atten-
tion weights for each edge. The input to the network is H = {hy, ..., hy} that are
derived from individual learning. The network outputs a new set of transformed
node features L = {ly, ..., Ix}.

First, following the approach of [173], a learnable transformation, which is param-
eterized by a shared weight matrix W, is applied to every node feature h; in order

to obtain a higher-level feature Wh;.

The score e;; of attention from node j to node ¢ is computed by

€; = ar- Whl -+ b1 . Whj (44)
eij = ag-Whi+by-Wh;, fori#1 (4.5)
where a; and b; (j = 1,2) are the weight vectors to be learnt, and “” represents

the dot product of vectors. Here a; and b, are for the attention from any node to

node 1 only, and as and by are shared for all other situations. This special design is
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due to the fact that the elderly are the main participant among all the participants
in the group.

Next, a LeakyReLU nonlinearity is applied to the scores. They are further passed

through a softmax operation to generate the normalized weights:

_ exp (LeakyReLU(e;;))
S exp (LeakyReLU(eg))

Q5 (46)
The normalized weights are used to compute the new node feature as a linear

combination of the old features:

N
j=1

To stabilize the learning process, multi-head structure is employed, where K (>
1) independent attention mechanisms execute the transformation, resulting in K
different /). Then, the new features of the i-th node ¥ (k =1,--- , K) from every
head are passed through the LeakyReL U activation function and concatenated to

derive the updated node feature denoted by g;:
gi = [LeakyReLU (hz-l/> .-+, LeakyReLU (hZKI>] ) (4.8)

Here g; is the output node feature of the first graph attention layer (GAL) and its

dimension is K times that of h;.

Finally, the updated node features G = {gi,...,gn} is forwarded to the second
GAL, which similarly goes through erefeq:elj to erefeq:hiprime with h; being re-
placed by g; and with a new set of learnable weights W, a; and b; as well. This
second GAL also takes K heads. Rather than concatenation, the node 7 of features

L on this (prediction) layer is generated by averaging:

1 K N
_ k k
I, = EZZ%W g; (4.9)
k=1 j=1
k

where a;; are normalized weights computed for the k-th attention mechanism and
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W* is the corresponding weight matrix. Figure 4.5 illustrates this two-layer, K-

head attention based group learning process.

/Kji

. GAT LeakyReLU GAT
. —> — —

cat.

avg.

©
®

& @
@
& @&~
CRIGORS
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L I )
R R

First GAL Second GAL

FIGURE 4.5: Schematic diagram of the group learning process with two layers
and K-head attention mechanism.

4.3 Experiments and Results

4.3.1 BHEH Dataset

To the best of my knowledge, there is no publicly available labeled dataset for
learning ERI, not to mention that in a multi-party scenario. In this study, the
annotation of engagement level of the elderly are manually labelled based on a
dataset called BHEH dataset, which Prof. Nadia M Thalmann shared with me.

BHEH dataset contains video recordings of real world ERI collected by Prof. Nadia
M Thalmann and her colleagues from a nursing home in one of their research
projects. Specifically, BHEH dataset records the elderly-robot interaction via a
social humanoid robot, Nadine, with a human-like appearance. She was placed at
the center of an elderly homeward. The interaction is recorded by five different
cameras at different views. In the study, the data (video recordings) from the front

view is exclusively utilized, i.e., from Nadine’s perspective containing most part of
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the front face of the participants. The details of the data collection method can be
found in [6, 174].

It should be noticed that there was no constraint imposed on the participants. The
elderly talked to a socially intelligent robot while the nurses occasionally provided
help. Moreover, the dataset was collected in a wild, dynamic, and multi-party
environment. In the background, nurses might pass through the scene; some old
people might sit near to or far from the interaction group; and the interaction

participants might leave and join at any time.

In the experiments, 43 interaction sessions were manually annotated based on the
Engagement of a Person with Dementia Scale. (EPWDS) [89]. The length of the
videos is between 3 and 38 minutes (over 560 minutes in total). The number of
participants for each session is from 1 to 6. The label of the data is the engagement
score, which was obtained by normalizing the EPWDS engagement score to [0, 1].
Two components, which were deemed less relevant to the problem, were removed to
simplify the process of EPWDS for artificial engagement annotation. The detail of
the adapted annotation form is shown in Figure 4.6. Each interaction session was
annotated at least by two experts. Figure 4.7 illustrates the labelled engagement

statistics.

4.3.2 Implementation Details

For the original BHEH videos, a frame rate of 15 fps was used. To extract video
features from the pre-trained networks, the videos were sampled by selecting one
frame from every 5 frames, with a clip length of 32 frames. Consequently, each
video clip captured an interaction period of approximately 10.67 seconds, which

was employed as the input to the proposed model.

The dataset was randomly divided into 5 subsets, ensuring that no interaction
session appeared in two sets. A 5-fold cross-validation was conducted to assess the
model’s performance. i.e., one set as a testing set and the rest as a training set in

every fold. The reported results are the average error.
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Engagement Estimation Annotation Form

Instruction

This engagement estimation form contains three parts: Affective, Visual, and Behavioral.
For each video clip, you are expected to fill the table below (beginning & end timestamps and engagement value).
The value indicates the extent to which you agree to the following statements for the elder person...

Behavioral Engagement
1 2 3 4 5
Responds to an activity by avoiding, shoving - .
away, pulling back from, hitting, or mishandling _»m.wnosaw to m:.moﬁ_sc\ E\ muvﬁomoziou
o Neutral reaching out, touching, holding or handling the
the activity, the robot used, or the person/s . .
: activity, the robot used, or the person/s involved.
involved.
Time Stamps
Eng. Value
Affective Engagement
1 2 3 4 5
Displays negative affect such as apathy, anger, Displays positive affect such as pleasure,
anxiety, fear, or sadness (e.g., disinterest, Neutral contentment or excitement (e.g., smiling,
distressed, restlessness, repetitive rubbing of laughing, delight, joy, interest and/or
limbs or torso, frowning, crying). enthusiasm).
Time Stamps
Eng. Value
Visual Engagement
1 2 3 4 5
Appears inattentive, has an unfocused stare or s . .
turns head/eyes away from the activity, robot Neutral Maintains eye contact with Em activity, robot
; used, or the person/s involved.
used, or the person/s involved.

Time Stamps

Eng. Value

FIGURE 4.6:

The simplified annotation form of EPWDS.
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FIGURE 4.7: Overview of the engagement annotation. The horizontal axis and
vertical axis represent the EPWDS engagement value and the video frame count,
respectively.

In terms of the model, a pre-trained ResNet50-3D was utilized and adaptedas the
backbone, followed by Rol Align to crop the behavior feature map into a size of 7 x
7. The self-attention module was applied to individuals’ behavior representations
by a non-local block with embedded Gaussian bottleneck. Affective and visual
features were gained through DMUE [168] module and OpenFace [123] toolkit.
The concatenated individuals’ feature maps were fed into a two-layer, 3-head GATs
module with a hidden size of 64, a dropout rate of 0.5, and slope @ = 0.2. The
model was trained in two stages, beginning with the individual learning module
and subsequently fine-tuning the network end-to-end, incorporating the adapted
GAT module. Both stages were trained using the Adam optimizer in 80 epochs
with an initial learning rate of 107, divided by 10 every 40 epochs. The MSE loss

is used in the training process.
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4.3.3 Results

Although the proposed method should be compared with the state-of-the-art, there
are no publicly available datasets or benchmarks for the target problem. The
scenarios of HRI involved in the prior art are vastly dissimilar, posing challenges
to conducting a fair comparison. As a compromise approach, the prior art methods
are applied to the BHEH dataset. It should be emphasized that the codes for the

prior art methods were not published and had to be developed from scratch.

For 2D CNNs [120], as the inputs of proposed approach were RGB videos without
depth information, the version of using 2D body pose as features and AlexNet
as model are selected to make comparison, which achieved similar performance
reported in its paper. Inception V2 [116] had the same input format as the proposed
method, so the implementation just followed its light-inception model architecture.
In [122], LSTM was used to classify engagement based on extracted OpenFace
and VGG features. To make fair comparisons, same frame length is used. For
evaluation, two metrics are utilized, MSE of erefeq:mse and mean absolute error
(MAE) defined as follows:

M
1
MAE = — i — Ui 4.10
v 2l = (410)

where y; is the predicted engagement value, g; is the ground truth, and M is the
number of sample clips. Note that MSE and MAE are chosen because they are

two widely used criteria for visual regression tasks.

The results are reported in Table 4.2. The testing losses are shown in Figure 4.8.
The performance of the proposed method (with MSE=0.0148) outperforms the
prior art. For better understanding, three estimation examples is provided in
Figure 4.9 which shows the center frame of the example clip, group detection, be-
havioral representation from body alignment, affective and visual representation,
and estimation results from left column to right column. It can be seen that the
proposed method achieves good results even under challenging conditions. Partic-
ularly, in examples 1 and 5, participants’ bodies are detected and used for feature

extraction, but the leftmost person is not desired. This is a counterexample of
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the main group detection. In contrast, examples 2 and 3 detect all the partic-
ipants successfully. In terms of affective and visual engagement representation,
some inconsistency and instability occur due to the masks and senescent faces. For
instance, the elderly in example 1 could not make meaningful expressions and the
visual features in example 3 are also missed. This may explain why those methods
only involving facial information often fail to produce good results. In addition,
the elderly from examples 1 and 3 is not good at body language, so the informa-
tion from side participants helps in the estimation, e.g., the body representation

captures the raised hand of the nurse.

TABLE 4.2: Engagement estimation of the elderly.

MSE MAE

Random Guess 0.1763  0.3435
2D CNNs [120] 0.1427 0.3711
Inception V2 [116] 0.0283 0.1649
LSTM [122] 0.1148  0.3030

Proposed Method 0.0148 0.0996

4.3.4 Ablation Studies

A number of ablations are conducted to analyze the proposed method. The results
are reported in Table 4.3. B, A, and V are the results of using a single engagement
element of behavioral, affective, and visual. It can be seen that the results are
inferior to that produced by the proposed multi-element method. The self-attention
module also helps improve the performance by 0.0105 in MSE and 0.0386 in MAE.
By employing the GATs in group learning module, the results have 0.0148 increase
in MSE, which means that the signals from side-participants contribute to the
estimation in multi-party ERI. For the comparison of ordinary GAL and adapted
GAL, the results show that the adapted model achieves better results, although
this performance improvement is not very significant. Figure 4.10 illustrates the

MSE and MAE results of these two kinds of graph layers.
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FI1GURE 4.8: Losses of MSE and MAE on the testing set.

TABLE 4.3: Ablation results.

MSE MAE
B 0.0451 (10.0303) 0.1750 (40.0754)
A 0.1235 (10.1087) 0.3690 (10.2694)
% 0.1567 (10.1419) 0.4184 (10.3188)
w/o self-attention 0.0253 (10.0105) 0.1382 (10.0386)
w/o GATSs 0.0296 (10.0148) 0.1380 (10.0384)
original GATs  0.0173 (40.0025) 0.1080 ({0.0084)

4.4 Conclusion

This chapter introduces an automatic approach for analyzing wild multi-party so-
cial HRI and estimating the engagement state of the elderly—the main participant—
in the HRI. The proposed method involves the adaptation of pre-trained models
to extract behavioral, affective, and visual features of the participants in the main
interaction group from real-world videos of such interactions. To predict the en-

gagement state of the elderly, a deep learning model is constructed, comprising a
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FIGURE 4.10: Comparison between ordinary GAL and the adapted GAL in
terms of the MSE and MAE losses.

self-attention network for individual learning and a graph attention network for
group learning. This model takes into account the multi-modal features of all par-
ticipants as input and estimates the elderly’s engagement level. Also, a labeled
engagement dataset was created. By leveraging multi-modal features and incorpo-
rating individual and group learning mechanisms, the proposed method effectively
predicts engagement and demonstrates superior performance compared to existing

approaches, as evidenced by the experimental results.



Chapter 5

Personality Estimation and
Emotion Recognition in Social

Interaction

5.1 Introduction

Personality and emotions play an important role in social interactions and have
impacts on the cognition of human behavior. Previous research shows that peo-
ple’s judgments about others’ personality and emotions will affect their feeling and
making decisions. An example is that in a job interview, the information con-
veyed by the interviewee through non-verbal signals will affect his/her interview
results. Hence automatic estimation and recognition of personality and emotions
have various applications such as for job interview analysis and designing social

robots.

This chapter considers the problem of estimating personality and emotions in hu-
man social interactions. In the last decades, computer vision techniques have
achieved great progress in human pose estimation, action recognition, and facial
expression analysis. Taking advantage of this, many emotion recognition methods
have been introduced and developed. While some works attempt to utilize contex-

tual information to improve the accuracy of emotion recognition, many approaches

81
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focus on the development of robust and fast models based on facial features. For
the scenarios with more than one person, the recognition of each person’s emotion

and the interplay between emotions are rarely studied.

Also, relatively less attention has been paid to personality estimation where the
main task is to estimate the first impression of a single person [175]. First impres-
sion, also known as apparent personality, is the assessment results from peers, as
opposed to real personality (self-reported). Existing methods for estimating appar-
ent personality mainly analyze the behavior and expression of a single person from
self-introduction videos. When it comes to multi-person scenarios, i.e., face-to-face
interactions in daily life, it becomes necessary to consider context information be-
cause people’s actions and expressions are determined not only by their personality

but also by the external environment and the interlocutor(s) [134].

In this chapter, a deep learning network to simultanecously estimate personality
and recognize emotion in social interaction scenarios is presented, using non-verbal
social signals and sociodemographic information from participants. The focus is
on answering whether information from the interlocutor and estimated personality
contributes to emotion recognition. The key hypotheses are: (i) personality esti-
mation and emotion recognition both analyze the non-verbal social signals, which
means that the solutions for these two tasks are closely related; (ii) context infor-
mation is beneficial to the target tasks in interaction scenarios; and (iii) personality,
as a factor for emotion generation, should be taken into consideration in the task
of emotion recognition. These hypotheses will be validated on two datasets, which

will be discussed later.

The overall pipeline of the proposed approach is shown in Figure 5.1. The input
is multi-view social interaction videos and sociodemographic information. After
extracting body and face image sequences in the extractor module, body learn-
ing and face learning modules are employed to gain high-level representations,
where a multi-branch ResNet-Attention network [176, 177] is utilized to process
the non-verbal social signals of the target and interlocutor(s) on temporal-spatial

dimensions. Then, the personality of the target person is estimated based on
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FIGURE 5.1: Overview of the proposed context-aware and personality-based
emotion recognition approach.

these features. The emotion is finally recognized based on the learned body, fa-
cial, sociodemographic features as well as the estimated personality. The main

contributions of this chapter include

e A novel approach is proposed to jointly estimate personality and recognize

the emotions of participants in social interaction scenarios.

e Different from the prior art, the newly proposed method employs the same
architecture to analyze personality and emotions, which in addition is capable

of estimating both apparent and real personality.
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e The social interaction context is emphasized and utilized. The multi-modal
data from the target individual and interlocutor(s) are utilized, forming a
context-aware structure to estimate personality, and then use personality to

improve the accuracy of emotion recognition.

e A set of experiments have been conducted to examine the impact of informa-
tion from the target individual and interlocutor(s) on personality estimation,

as well as the effects of personality on emotion recognition.

5.2 Preliminaries

Before starting to describe the proposed approach to personality assessment and
emotion recognition, this section briefly discusses some pertinent concepts that

inspired us to design an architecture like the current one.

5.2.1 Non-verbal Behavior

Research has shown that non-verbal behavior plays a very important role in peo-
ple’s social lives. The generation of human non-verbal behavior is influenced by
many factors, e.g., personal determinants, conscious or unconscious goals, envi-
ronments, and perceptual and affective information [58, 61, 62]. Personal deter-
minants include biology, culture, gender, and personality; perceptual and affec-
tive information are the outcomes of processing interaction and interlocutor(s).
Taking multi-party interaction as an example (Figure 5.2), four participants form
an interaction. Background information and personal determinants are the high-
level factors, where determinants influence the decision-making, perceptual and
cognitive-affective processes. At the same time, the latter two interact with each

other, and influence a person’s behaviors together with the determinants.

Context-aware and personality-based emotion recognition, referring to the model
above, includes context and personality as inputs. Context-aware refers to the
awareness of the context in human-human social interaction. In this chapter,

the context includes the interlocutors’ behaviors and interaction settings, unlike
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FIGURE 5.2: Illustration of social interaction and the factors that influence
people’s behavior. The dot arrows denote personality and emotion assessment
processes, where yellow represents the generation of apparent personality as well
as emotions, and the red one represents the generation of real personality.

the previously mentioned context-aware emotion recognition approaches. Certain
scenarios, such as indoor conversations and game playing, are only considered.
Therefore, in this work, background environment is relatively fixed, so the pro-
posed model does not take the surrounding background into account. From the
previous theoretical model, it is known that emotions are influenced by the con-

text and further react in behavior. At the same time, personality influences the
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perceptual and cognitive-affective processing of the context, which also acts on the
generation of behavior. Theoretically, context contributes to personality estimation

and emotion recognition; context and personality help with emotion recognition.

5.2.2 Personality and Emotions

Personality is used to describe a person’s character that reflects a set of behavior,
emotion, and cognition patterns. To quantify personality, traits are used to provide
multidimensional aspects of personality. Several trait theories exist, such as Big-
Five Inventory (BFI) [91] and HEXACO [92], etc. In this chapter, either BFI or
HEXACO will be used according to the datasets. The specific description of the

personality traits can be found in Section 2.2.3.

In psychological science, researchers have proposed many different theories of emo-
tion models, such as basic emotions and dimensional models. In this chapter,
category emotion theories are used to represent participants’ emotions provided by
the datasets, which includes two sets of emotion labels: Set A = {positive, small
positive, small negative, negative} and Set B = {anxious/frustrated /angry, bored,
confused, delighted}.

5.3 Proposed Approach

The proposed method takes multi-view human-human social interaction videos
V = {vy,v9,...,ux} as input, where N denotes the number of views. Given this,
the target personality P € R% and emotion € R% are estimated. d, and d, are

the dimensions of personality traits and emotion classes.

To achieve this goal, a context-aware and personality-based deep learning architec-
ture is designed, which learns the representations of the body and facial information
from the target person and interlocutor(s). This model mainly consists of five mod-
ules, as shown in Figure 5.1, (i) body and face extractor, (ii) body learning, (iii)

face learning, (iv) personality estimation, and (v) emotion recognition modules.



Chapter 5. Personality Estimation and Emotion Recognition 87

5.3.1 Body and Face Extractor

At the very beginning, the responsibility of body and face extractor £ is to prepro-
cess the raw multi-view video data gaining model-friendly and the most important
body and face image sequences, X? and X¥. Because the intention is to ana-
lyze the non-verbal signals from the body and face in social interaction scenarios,
interaction-independent background information is not relevant to the problem and
even negatively interferes with the experimental results. Thus, the body and face

extractor can be represented as
.V —{XP X} (5.1)

Here, XB = {XTB X1B1 _  XIBu} where TB and IB denote target body and
interlocutor(s) body, M is the number of interlocutor(s). In addition, since X5
and X'Z have the same data structure and similar subsequent processing methods,
their representations are simplified to X® when no distinction is necessary. X’ has

a similar data structure and X/ denotes XTF or X1F.

The multi-view videos are divided into two categories: ego-view and general-view
videos. Ego-view videos are captured by a camera fixed on the participant’s head,
which is used to record the visual information from participants’ perspectives. In
contrast, general-view videos are captured by a camera placed next to the inter-
action group, which is used to capture the overall scene including almost the full
bodies. However, it should be noted that clear and complete face or body pictures
do not always exist, because of head turning and body movement during the in-
teraction. In addition, since the data in experiments are multi-view videos, it is
necessary to extract the bodies and faces of the participants in a way that ensures
(a) the image sequences from different views are synchronized as much as possible
and (b) the acquired body and face image sequences are optimal, i.e., the clearest

and most complete faced and bodies are selected among different views.

First of all, due to the inconsistent frame rates of the ego-view and general-view
recordings, body and face images obtained from two data sources cannot always
align in time. To solve this problem, the ego-view videos are sampled using the

frame rate distribution of the general-view videos, because the frame rates of the
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scene videos sometimes are lower and unstable. More specific analysis of the data
can be found in Section 5.4. Moreover, the videos are sampled with a stride of 5
to reduce the computational cost and to increase data intra-variation. Finally, the

videos are cut into non-overlapping clips with a chunk size of L.

Then a body detection algorithm is implemented to find the body bounding boxes
of participants in each frame of the general-view clips. In frames where pedestrians
appear, they are removed based on their proportion of appearance in the entire
session. In addition, to keep the input image sequences spatially stable and prevent
body displacement caused by different bounding box positions, for each person, a
maximum bounding box is calculated to cut the person out of the entire session
video. Subsequently, while keeping the aspect ratio constant, the cropped body
images are resized and normalized into REX#*W>3 "in which H x W is the image
size. The blank pixels are filled with black.

After comparing facial information in videos from different views, the optimal video
source is selected to extract facial information, i.e., the one including clearer frontal
facial information. Specifically, from the body image gained from the previous
step, face are detected and cropped. Then, detected face images are aligned and
resized to the same size as body images. As mentioned earlier, because of the
unconstrained interaction scenarios, sometimes the captured images are blurred or
even completely lost. In order to remedy this, nearest-neighbor interpolation is
employed to fill in the missing frames with face photos that can be found before
or after. Specifically, within the time period [t;,¢;] when face detection fails, the
faces that can be detected by t;_; are used to fill the interval [t;, ..., () /2], and
faces from t;;, are used to approximate facial features in [t(4)/241,...,t;]. To
some extent, this interpolation indeed brings undesired temporal mismatches, but,
under the settings discussed in this chapter, it can be assumed that in face-to-face
interactions, the emotions and facial expressions of the participants will not change

rapidly, and the experimental data also is basically in line with this assumption.
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5.3.2 Body and Face Learning Modules

Given {XB, XT'} being the pair of synchronized image sequences, X’ and X/ €
RIXHXWX3 =5 multi-branch ResNet-attention based deep learning architecture is
designed to learn the high-level spatio-temporal representations of body and face
that used to predict the personality and emotion of a target person. As Figure 5.3
illustrates, four separate branches T'B, T'F', IB, [ F are designed. T'B and I B are
responsible for learning the body representations Z? from target person and inter-
locutor in body learning module B, whereas T'F and [F learn the facial features

Z¥ in face learning module F.

Body learning module (B). The body learning module is composed of four
functions: a backbone network (BB), a self-attentive mechanism (A), an average
pooling layer (AP), and a fully connected layer (FC). Specifically, the backbone
network is responsible for extracting the personality and emotion-related body
behavior patterns in temporal and spatial domains. Thanks to the impressive
progress in deep video understanding network [160, 178], ResNet-3D-50 [160] is
used, which has competitive performance for action recognition, to capture the
body features. The final residual block is pruned from the original network to keep
more information and higher feature map resolution. Let chunk size L being 32,
the model learns a feature map with size 4 x 14 x 14 x 1024 for every body image

sequence X°.

Then, a self-attention mechanism is employed to explore the important information
in spatial and temporal dimensions, and refine the feature representations. This
mechanism enables the model to focus on keyframes, such as the expressive mo-
ment, and local body regions. A non-local block [169] is used as the self-attention
block, which calculates the response at any given position as a weighted sum of the
features at all positions. The optimized features have the same dimensions as the
previous ones. Subsequently, an average pooling is performed to reduce the feature
size to 1 x 1024, followed by a fully connected layer that learns a projection from
1024 to 512 making the body representation fitting for later concatenation. The

entire body learning module can be written as

B:Z" =FC (AP (A (BB (X")))). (5.2)
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where ZB = {ZTB 7B 7!Bm}  Similarly, Z° € R™124 i5 used to represent

their general form.

Face learning module (F). In the face learning module, ResNet-18 [176] is
used as the facial backbone (FB) for facial feature extraction. Here, each of the
4 frames are fed into the network to obtain a 4 x 512 dimensional feature matrix.
These four frames are uniformly sampled from the original 32-frame chunk. Also,
inflated 3D network is not employed to process facial image sequences, because
facial expressions are usually presented naturally and the information in the tem-
poral dimension is relatively unimportant. Therefore, using a 2D CNN network can
effectively reduce the number of parameters. Next, the extracted facial features
are forwarded to an adapted emotion recognition block, namely latent distribution
mining and pairwise uncertainty estimation (DMUE) [168] by removing the final
output layer. Finally, a average pooling layer is conducted for the facial feature
map on the temporal domain to obtain a facial feature vector with a size of 1 x 512,

i.e., a feature representation of the same size as the output of body learning:
F:Z" =FC (AP (FB (X"))), (5.3)

in which ZF" = {ZTF 7! . Z1Fm} | The backbone model details are listed in
Table 5.1.

5.3.3 Personality Estimation and Emotion Recognition

Before personality estimation and emotion recognition can be performed, two steps
need to be completed in advance. One of them is the encoding of sociodemograph-
ics. In the proposed framework, sociodemographic information together with the
social signals from interlocutor(s) constitutes the contextual information, which is
defined as context-aware structure. In this work, the information used includes cul-
tural background, gender, and age. These factors are encoded separately to obtain
6, 1, and 1-dimensional vectors, respectively. Cultural background is represented
as the one-hot vector of 6 nations; gender is either 0 or 1; age is the normalized

value between 0 and 1. Their concatenation forms the sociodemographic feature
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TABLE 5.1: The structure of the backbone networks in body and face learning

modules.
Layer Name Body Learning Face Learning
convl 5X 7 xT7, stride 2, 2,2 7 x7,stride 2, 2
maxpooll 2 x 3 x 3, stride 2, 2, 2 2 x 2, stride 2, 2
[ 3x1x1,64 ]
res? 1x3x3,64 | x3 {gig’gﬂxz
| 1x1x1,256 | ’
maxpool2 2x1x1,stride 2,1, 1 N.A.
[ 3x1x1,128 ] - -
res3 1x3x3,128 | x4 giggg % 2
| 1% 1x1,512 | L2 R
3 x1x1,256 - 1
resd 1x3x3,256 | x6 2i§;gg % 2
1x1x1,1024 L ’ .
[ 3% 3,512 ]
resb pruned | 3x3,512 X 2

ST € RY™8. It is important to note that only information from the target person

is used.

So far, the body, facial, and sociodemographic information are acquired, and the
next step is to integrate these features for the final inference. To achieve this,
previously learned features are regrouped according to the relevant participants,
as illustrated in Figure 5.3. Basically, the person arrange module is introduced
to enable the learned representations to serve as input for subsequent personality
estimation and emotion recognition modules in the order of the interaction partici-
pants, i.e., body-and-face-level features are organized into individual-level features.

Mathematically, this procedure can be written as
AL S /A A /A (5.4)

where ZT ¢ RY1032 — 778 g 7TF ¢ ST is the feature from target person; @
is the concatenation operation. Z/0 € RX1921 ig the obtained feature(s) from

interlocutor(s).
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Personality Estimation (PE). For the personality estimation module, the esti-
mation task is treated as a regression problem, because the experimental results of
the regression are more informative than classification, as described in Section 5.4.
A simple two-layer fully connected neural network is utilized. The extracted fea-
tures from the target person and other participants are selectively concatenated
and fed into the network with the hidden size of 128, i.e., the feature is projected
into the dimension of 128 and then reduced to 1. The model separately estimates

different personality traits.

Here, the datasets contain personality labels in the form of OCEAN or HEXACO.

The overall estimation is
PE:p=FC(FC (2", z",..,2™)). (5.5)

The output p represents the estimated score of a particular trait of real or apparent
personality. The mean squared error loss Lp is used to train personality estimation
module
T
Lr=2D (=), (5.6)

=1

where K denotes the mini-batch size and p; is the ground truth personality score.

Emotion Recognition (€R). The last step is to use the extracted features
from the target person and interlocutor(s), as well as the estimated personality to
recognize emotions. The final features Z = {ZT & ZF @ Zh @ ... ® Z!}, in which
Z¥ € R128 being the representation of personality, is the output from the first FC

layer in personality module.

In contrast to personality estimation, a classification model is used because the
data are labeled by the category emotion theory. Again, a two-layer fully connected
neural network is used, which takes the obtained feature representations as input,
and project them into a 128-dimensional space. The final step is to calculate the

probabilities of 4 emotion categories with a Softmax function, i.e.,

ER :é =0 (FC(FC(2))), (5.7)
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where o denotes the Softmax operation. Let ¢ = [1,...,C] denoting the emotion
category, w,. being the weight of class ¢, e. and é, representing the ground truth
label and inferred probability of class ¢ respectively, the lost function of emotion

recognition module is designed as a weighted cross-entropy loss
| XK c
L= 7 ; (— czlwc - €;clog éhc) . (5.8)

Therefore, the total training loss is defined as £ = ApLp + AgLs , where Ap and

Ap are the weights for personality estimation and emotion recognition losses.

5.4 Experiments and Results

5.4.1 Datasets

Personality estimation and emotion recognition have attracted attention from re-
searchers recently, so there are some publicly available datasets. Unfortunately,
most datasets address only one of these two tasks, but the objective of the tar-
get problem is to infer the emotions that arise in social interaction, which is far
from typical scenarios and has its own unique character. Therefore, some popular
datasets are not suitable for this task, such as EMOTIC [143] and CAER [144].

On the other hand, MHHRI [112] collects videos of dyadic human-human interac-
tion, accompanied by the real personality reported by the interlocutor themselves
as well as the apparent personality evaluated by their peers, which is suitable for us
to explore the influence of context on personality estimation, and meanwhile, the
difference between real and apparent personality can be analyzed. MUMBAI [179]
records four-player board game interactions via multiple cameras. The dataset is
annotated with emotional moments, personality, and game experience. Therefore,
MHHRI and MUMBALI are chosen to evaluate the proposed personality estimation
and emotion recognition modules. The examples of two datasets are visualized in
Figure 5.4.
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FIGURE 5.4: Examples of multi-view social interaction datasets. The first row,
from left to right, shows frames of the general-view, ego-view 1, and ego-view 2
videos in MHHRI. The second row includes two general-view frames in MUM-
BAIL

Particularly, MHHRI includes 12 social interaction sessions with a total of 18 par-
ticipants, where sessions last around 10 to 15 minutes. The raw videos are provided
as 20 to 120-second clips, so they have to be rearranged to shorter clips containing
L = 32 frames, which have the same size as the network input. MUMBAI includes
43 sessions of 4-player board game interaction. The video recording duration is

approximately 4 to 22 minutes.

In terms of personality labels; MHHRI uses BFI-10 to measure the OCEAN per-
sonality traits. As mentioned before, BFI-10 consists of 10 phrases and each will
be discretely assessed as 1 to 10, where two items correspond to one personality
trait. By averaging and normalization, the ground-truth labels between 0 and
1 are gained. In addition, self-report and peer-review annotations represent the
real and apparent personality, respectively. In contrast, MUMBAI is labeled using
the peer-review HEXACOQO. The same processing procedure is conducted to gain
the normalized labels. The distributions of personality labels are shown in Fig-
ure 5.5. For the emotion classification task, two sets of emotion labels provided
by MUMBALI are used, i.e., emotion set A includes {positive, small positive, small
negative, negative}, and set B consists of {anxious/frustrated/angry, bored, con-

fused, delighted}. It should be noticed that positive emotions are more common
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than negative ones.
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FIGURE 5.5: Visualization of the normalized ground truth distributions of
OCEAN and HEXACO personality on MHHRI and MUMBAI datasets.

5.4.2 Implementation and Evaluation Metrics

In order to obtain the body and face image sequences, YOLOX [180] and Open-
Face [123] are used, as the extraction tools, to find the body bounding boxes of
all participants from the general-view videos, and to detect, crop and align the
faces from ego-view videos of MHHRI and from general-view videos of MUMBALI.
Before sending the body and face image sequences to the network, a set of data
augmentation approaches are performed to get more diverse inputs, e.g., random
affine transforms (translation, scaling, and rotation), horizontal flip, and random
resized crops with a probability of 0.5. The training of the body backbone involves
pre-training on Kinetics [164]. For the face learning module, pretrained ResNet-18
networks on AffectNet [181] are utilized to extract and learn facial features. The
reason to use pretrained models is to improve the robustness of estimation, as the

datasets used in experiments are relatively small.
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For the MHHRI dataset, frames from ego-view videos are selected according to the
frame distribution of the general-view videos. As shown in Figure 5.6, the general-
view videos sometimes have lower and fluctuated frame rates. It can be seen that
their frame rates are from 5 to 30 fps, shown as green dots. The blue dots are some

examples of general-view video clips showing very unstable frame intervals.

50 - = ego-view
" - general-view
.
e e *
B g R A A g D g g e Ry
T T T T T T T T R
0 20 40 60 80 100 120 140 clip
1.5 0.6
.
.
1.0 1 0.4 .
.
.
* ® L]
0' * - " . .“ -
0.5 7 . 0.2 " ae” e, '.‘.' e, v‘f:'u‘v ‘3:: - ..‘;
— - " ) ® ,":..,‘a',*‘o o, e et e et T wphe” v smagam
[12] 125 VP ety S A el e My e
E o L P - TR L L e
@ 0.0 1 T T |' T |' T T ‘:I - T - T T
P
= 0 200 400 o600 800 1000 o 100 200 300 400
Q
£ 0.5 N N
183 " "
[ ® ® .
— _
0.4 . . . |06 .
.
*® - . - - * . ® .
0.3 1 H . e w o, . | .
- ® e A * * . : - - 0.4 v
0o ; "."‘:: % . » \::. . *‘ . :;N ., "
4 - 4 LR o L PSR "y " o,. . -
.t +:’+\ ‘30:“ < ":‘.:}w&: . i P HH‘-D HE | . P "t e : Py
o e r “pr n g nE .'O-’o"o. © hest ° agty W e e
R e i A g “of ol o1, v edk
0.1 e B s s e e S e’ .
T T T T D'CI T T T
0 200 400 600 0 500 1000 frame

FIGURE 5.6: A glance at the multi-view videos. The top figure illustrates the
frame per second of ego-view and general-view videos. The bottom figures show
the frame interval of four sample clips in seconds.

The input size of the face and body images is H x W = 224 x 224 pixels. The
network takes L = 32 frames as input. Finally, the input image sequences are
about 1 to 7 seconds for MHHRI and 5 seconds for MUMBALI. The datasets are
then randomly divided into 6 subsets to create a 6-fold validation. In both MHHRI
and MUMBAI, there are people who participate in more than one interaction

session. Therefore, the separation of datasets is completed under the condition
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that there is no individual appearing in both sets. The model is trained using the
Adam optimizer with an initial learning rate of Ir = le—4 and a mini-batch size
of bs = 4. As the datasets used are relatively small, MHHRI is trained for only 1
epoch, while MUMBALI is trained for 10 epochs. The weight values for personality

estimation A\p and emotion recognition Ag are both set to 0.5.

To examine the effects of various features, the simplest architecture is used initially
and more features are gradually introduced. The personality estimation perfor-
mance is evaluated using the target person’s body features (TB) and his/her facial
features (TF), individually. Then, the body and facial features (TB-TF) are com-
bined to form features all about the target person. Next, the context information
is added, i.e., the body features of the target and interlocutors (TB-IB), the face
features of the target and interlocutor (TF-IF), and all body and face information
from all participants (All). The results of a non-end-to-end method using body and
facial information retrieved by the pretrained models are also presented. Finally,
the comparison between proposed approach and state-of-the-art is provided. To
evaluate the performance of emotion recognition, comparison with baseline models

is conducted while investigating the effect of personality.

To evaluate the effect of the proposed personality estimation approach, the metrics
in previous personality estimation works are used [126, 130, 131]. The evaluation
aims to compute the accuracy of all personality traits among all input video clips,

.e.,
1 N
A :1—— i—AZ', 59
o= 1= 5 3 v = (5.9

where N is the number of input samples; ¢; is the estimated trait score; y; is the

ground truth. In addition, the R-squared is calculated, which is defined as

N

1 X
R*=1- ~ > wi— i) (5.10)
=1

Acc and R? are then averaged over five traits to evaluate the overall performance.

The final Acc and R? are between 0 and 1 from bad to good performance.

As for the personality estimation, the problem is also considered as a binary classi-

fication task. Those ground truth less than 0.5 is classified as negative samples, on
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the contrary, greater than or equal to 0.5 is treated as positive samples. Classifica-
tion results are evaluated by the accuracy Acc and Fj score. The evaluation of the
emotion recognition approach has a similar evaluation metric F; score but in the
form of the average of each class with weighting parameters, as well as precision

and recall.

5.4.3 Personality Estimation Results

The personality regression results of MHHRI and MUMBATI are shown in Table 5.2
and Table 5.3, respectively. Table 5.4 illustrates the classification results of MHHRI
compared with existing works. Also, the visualization of the body and face learning

and internal feature maps are demonstrated in Figure 5.7.

Comparison of body and face features. Overall, facial information is more
useful than body information in estimating personality, whether it is real or ap-
parent. The reason might be the properties of the data, i.e., the interactions in
MHHRI and MUMBAI adhere to particular patterns. Participants in MHHRI
sit face-to-face and talk with each other, whereas participants in MUMBALI play
board games, periodically moving their arms to carry out game-related actions. As
a result, body behaviors are generally straightforward and consistent. As shown
in Table 5.2 and Table 5.3, when estimating the real personality based on the
target individual’s face (TF) and body (TB) information, the results of using fa-
cial features performs better (0.865/0.832) than the results using body features
(0.853/0.817), achieved on both MHHRI and MUMBAI. The results employing
both the facial features (TF-IF) and body features (TB-IB) of two participants
lead to a similar conclusion. This advantage is more pronounced in the estimation

of apparent personality, where accuracy increases by 0.01.

Effect of information from the interlocutor. Comparing the estimation ac-
curacy of TB vs. TB-IB, TF vs. TF-IF, and TB-TF wvs. All, it could be found that,
in real personality estimation, adding features from the interlocutor(s) helps to
improve the model performance, for example, 0.853 vs. 0.865 and 0.865 vs. 0.867
from adding IB to TB and adding IF to TF, respectively. [134] came to a similar

conclusion, that openness, extraversion, and neuroticism traits gained benefits by



5.4. Experiments and Results

TABLE 5.2: The regression results of real and apparent personality prediction on MHHRI.

Methods O C E A N Avg.
Acc R? Acc R? Acc R? Acc R? Acc R? Acc R?

Baseline 0.737 0.904 0.704 0.872 0.686 0.852 0.691 0.857 0.698 0.865 0.703 0.870
All (F.) 0.759 0.925 0.745 0.927 0.720 0.908 0.807 0.931 0.779 0.932 0.762 0.924
TB 0.888 0.980 0.862 0.970 0.845 0.948 0.850 0.963 0.817 0.955 0.853 0.963
.ﬂw TF 0.904 0.987 O0.887 0.976 0.852 0.966 0.852 0.959 0.826 0.949 0.865 0.967
o' TB-TF 0.902 098 0.862 0.974 0.845 0.958 0.851 0.962 0.819 0.955 0.856 0.967
TB-1B 0.904 0.983 0.883 0.977 0.838 0.958 0.858 0.968 0.842 0.954 0.865 0.968
TF-IF 0.912 098 0.880 0.974 0.847 0.958 0.858 0.966 0.840 0.959 0.867 0.968
All 0.907 0.984 0.875 0.975 0.860 0.964 0.867 0.972 0.829 0.946 0.868 0.968
Baseline 0.739 0.907 0.689 0.856 0.707 0.873 0.704 0.872 0.720 0.888 0.712 0.879
All (F.) 0.731 0.922 0.634 0.860 0.680 0.875 0.651 0.870 0.819 0.961 0.703 0.898
= TB 0.925 0.993 0937 0.991 0.870 0976 0.923 0.988 0.938 0.994 0.919 0.988
m TF 0.960 0.998 0.938 0.991 0.898 0.984 0930 0.988 0944 0.994 0.934 0.991
W TB-TF 0.945 0.996 0.929 0.989 0.879 0.981 0.932 0.988 0.944 0.995 0.926 0.990
<< TB-IB 0.921 0.992 0929 0.990 0.887 0.981 0.938 0.992 0.927 0.993 0.920 0.990
TF-IF 0.954 0.997 0931 0.989 0.899 0.984 0.927 0.989 0.944 0.995 0.931 0.991
All 0.927 0.993 0937 0987 0.875 0978 0.935 0.990 0.936 0.993 0.922 0.988

100

" Baseline method adopt here is the random guess; All (F.) denotes the method using all four branches but
not trained end-to-end, i.e., only the extracted features from pre-trained models are fed into the net; TB,
TF, TB-TF, TB-IB, TF-IF, and All denotes the approaches with activated branch name(s).
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TABLE 5.4: Comparison of personality classification results with benchmark models.

Methods 0 c N Ave.

Acc I Acc I Acc Acc Acc Fy Acc Fy

an FPV-HMS+SPV-HOG [112] - 0.66 - 0.54 - 0.54 - 0.61 - 0.57 - 0.58
o Proposed (All) 093 0.82 0.85 0.70 084 0.61 0.71 040 0.69 051 0.80 0.61
CNN+LSTM [132] 0.40 030 044 033 033 0.07 050 0.60 041 058 0.42 0.38

5 VGG DAN+ [131]° 048 0.19 062 048 054 0.15 044 055 046 066 0.51 0.41
m 3DCNN [129]" 0.46 026 050 039 039 0.06 038 053 043 0.65 0.43 0.38
o 3DResNet [130]" 0.46 022 062 055 043 0.03 041 049 054 071 049 0.40
< SPV-HOG [112] - 0.67 - 0.60 - 0.61 - 0.67 - 0.65 - 0.64
Proposed (TF) 0.85 0.67 1.00 1.00 0.82 0.71 0.96 0.91 0.99 0.92 0.92 0.84

" Original methods are proposed in [129-132] and implemented by [128] on MHHRI dataset.
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adding context features and the surrounding environment. On the other hand,
only IB adds positive effects to apparent personality estimation. Unexpectedly,
when adding the interlocutor’s facial features (IF) or both facial and body features
(IF-IB), the results do not improve. Here, the results from [112] demonstrate that
multi-modal features boost the performance for extroversion, which is aligned with
results reported here, in terms of TB-IB and TF-IF. Overall, the features of inter-
locutor are helpful for real personality prediction, but in apparent prediction, this

effect is small, and sometimes even unfavorable.

Estimation of real and apparent personality. Generally, the regression per-
formance of apparent personality is much better than the results of real personality.
Comparing the best average results in these two tasks, real personality estimation
gets 0.8676 in accuracy, whereas apparent personality estimation achieves 0.9338.
The distribution of ground truth labels might provide some cues. As shown in Fig-
ure 5.5, the labels of the apparent personality are more concentrated with smaller
variance, which means that estimation is easier to give a value close to the real
value. On the contrary, extraversion and neuroticism in real personality are with
larger variance, resulting in the most challenging tasks. Also, [112] has made a
Pearson correlation analysis on peer-reviewed and self-report personality showing
that significant correlations only can be found for extroversion and conscientious-
ness. Moreover, psychological studies found that self-peer agreement correlations
tended to rise as the number of peer raters increased [182, 183]. Therefore, there
is a correlation between appearance and real personality, but this convergence is
not significant when the sample size is small. This is why the same architecture is

used but separately trained.

Regression wvs. classification. Classification experiments were also conducted
and the results are listed in Table 5.4. It should be emphasized that this work
focuses on predicting personality using a regression approach, so a new model
was not trained using the classification-related loss function, but rather intuitively
dividing the outputs into two parts, i.e., above or below 0.5, based on the regression
results. Except for the experimental results of this model, other data are provided
by [112, 128]. A same dataset splitting method in [128] is used, while [112] uses
double leave-one-subject-out cross validation. As for ground truth, [112, 12§]

partitioned the data according to the mean value. Therefore, the comparison of
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classification results here is not very fair, but perhaps it can provide some value of

reference. As shown, the proposed approaches outperform other existing methods.
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FIGURE 5.7: Visualization results of the body and face learning and internal
feature maps from the target (7') and interlocutor (I). For each person, the first
column shows the initial frame of body and face image sequences, followed by
body (B) and face (F') feature maps from corresponding layers.

5.4.4 Emotion Recognition Results

Emotion recognition results on MUMBAI are shown in Table 5.5. Comparison is
made between the proposed approach and the baseline models in [179]. Tt can be

seen that the proposed model outperforms them.

Personality-based vs. non-personality-based. According to the experimental

results shown in Table 5.5, using the predicted personality as one of the features
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to evaluate emotions has better performance. This is also consistent with the
hypothesis that the estimated personality information can improve emotion recog-
nition performance. It can be seen that, in two different emotion annotations, the
evaluation results (Fj, Precision, and Recall) achieved by proposed method are
significantly improved. Among them, the results of the method without using per-
sonality as a feature achieved F; = 0.631 in set A, which is 0.164 higher than the
best score in the baseline. When trained with personality estimation and using the
predicted personality to guide emotion recognition, the performance of the model
is further improved, achieving 0.642 in terms of F} score. A similar effect can be

found in set B.

TABLE 5.5: Emotion recognition results on emotion annotation set A and set B
from the MUMBALI dataset.

Methods F Precision Recall

KNN w/ face high 0.359 0.406 0.359
DT w/ face high 0.380 0.390 0.392
RF w/ face 0.467 0.463 0.482

<
< ELM w/ face high ~ 0.431 0.456 0.415
n LSTM w/ face 0.453 0.442 0.490
Random 0.218 0.250 0.248
Proposed w/o pers.  0.631 0.620 0.636
Proposed w/ pers. 0.642 0.674 0.719
KNN w/ face high  0.272 0.297 0.277
DT w/ face all 0.282 0.292 0.282
m RF w/ face low 0.316 0.366 0.311
= ELM w/ face all 0.293 0.307 0.299
n

LSTM w/ face all ~ 0.309 0.308 0.323
All delighted 0.213 0.186 0.250

Proposed w/o pers.  0.594 0.633 0.617
Proposed w/ pers. 0.615 0.703  0.690

5.5 Conclusion

This chapter presents a deep learning approach that simultaneously estimates per-
sonality traits and recognizes emotions in social interaction scenarios. The pro-

posed method utilizes non-verbal social signals from the target person and the
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interlocutor(s) to construct a context-aware structure. The predicted personality
traits are then incorporated to develop a personality-guided architecture for emo-
tion recognition. A series of experiments are conducted to analyze the influence
of various feature modalities, contexts, and personality traits on emotion recogni-
tion. These experiments include comparisons with existing approaches as well as
ablation studies. The results demonstrate that contextual features play a signif-
icant role in accurately predicting real personality traits, while information from
the context and the target person’s personality contribute to improved emotion
recognition performance. The findings indicate that the proposed method achieves

good performance for both personality estimation and emotion recognition tasks.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

In conclusion, multi-party social HRI is a challenging and less explored research
area. To design a socially intelligent agent capable of handling multi-party con-
versations, various issues have to be addressed. The overall objective of this thesis
is to develop new techniques to empower IAs with the ability to understand the
behaviors, intentions, and affective states of the participants in multi-party so-
cial interaction. In general, the goals of the project have been met by proposing
solutions for recognizing and interpreting participants’ behaviors, intentions, and
affective states in multi-party social HRI by analyzing non-verbal social signals,
including engagement intention, engagement during interaction, personality, and
emotions. These solutions are expected to equip [As with the ability to enhance
the user experience in multi-party social HRI scenarios. The experiments and
analyses conducted show that the use of multi-modal features outperforms using
a single modality and that social information from other participants contributes
significantly to the estimation of engagement intention, engagement, personality,

and emotion.

The method of estimating engagement intention before multi-party social HRI is

proposed first. In this task, the literature on social behavior science is reviewed to

107
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select promising non-verbal social cues. After this, a novel approach to estimat-
ing human engagement intention in multi-party social HRI is presented leveraging
multi-modal information, including image features and social signals. Then, nec-
essary features are extracted, generated, and categorized. The method is built on
the CNN-LSTM network, which takes image features and social signals as input,
making use of general information conveyed in images, semantic social cues proven
by social psychology studies, and temporal information in the sequence of inputs.
Also, the proposed network has a multi-branch structure, allowing for different
types of inputs. A novel feature transition method is designed to interpret multi-
party social signals. Finally, the method is evaluated on three datasets, and the
experimental results show that the proposed method can infer human engagement
intention well. Moreover, using multi-modal features improves the estimation of

engagement intention.

When an interaction starts, the goal of engagement estimation is to infer the inner
state of a participant attributing to being together with the other participants
and continuing the interaction. Moreover, the use of social robots in healthcare
systems or nursing homes to assist the elderly and their caregivers will be becoming
common. A supervised machine learning approach is presented for estimating the
engagement state of the elderly in multi-party human-robot interaction scenarios
using real-world video recordings. The method is based on the fundamental concept
of engagement components in geriatric psychiatry and HRI video representations.
It adapts pre-trained models to extract behavior, affective, and visual signals to
form multi-modal features. These features are then fed into a neural network
made of a self-attention mechanism and average pooling for individual learning, a
graph attention network for group learning, and a fully connected layer to estimate
engagement level. The proposed method is evaluated using 43 wild multi-party
elderly robot interaction videos. The experimental results show that the proposed
method is capable of detecting the key participants and estimating the engagement
state of the elderly effectively. Also, the signals from side participants in the main
interaction group considerably contribute to the EE of the elderly in the multi-
party ERI.

Finally, personality and emotion are investigated in multi-party social interac-

tion, which have great influences on people’s cognition and behavior. There are
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fewer works on personality estimation. The contribution of personality to emotion
recognition has also not been adequately studied. Therefore, a context-aware deep
learning framework has been proposed, which automatically estimates the person-
ality of a target person in human-human social interaction scenarios, based on the
target person’s own and the interlocutor’s body behavioral and facial information.
Then, this network is expanded to form a context-aware and personality-based
emotion recognition framework, i.e., first estimating the personality and then rec-
ognizing the emotions based on the estimated personality. A set of experiments
have been conducted showing that the proposed method has good performance in

both personality and emotion experiments.

6.2 Future Work

The research on multi-party human-robot social interaction presented in this the-
sis focuses on the analysis of non-verbal social signals from the interlocutors and
potential interactors, i.e., assessing their engagement, personality, emotions, etc.
However, the linguistic information of the interaction participants and robotic be-
havioral planning have not been sufficiently discussed. Meanwhile, non-verbal be-
havior analysis as part of IAs’ perception and processing system, together with
natural language processing outcomes, can guide the generation of behavioral re-
sponses and verbal language, which are some possible and interesting future re-

search directions. Some of the directions are given below.

Emotion and non-verbal behavior generation in multi-party social HRI.
In this thesis, the processing of non-verbal behavior refers to the perception and
understanding of human participants in multi-party social human-robot interac-
tion. If these processes were to be mapped to analogous functions in the human
brain, they would correspond to perceptual, cognitive, and affective processes.
However, it is not enough for an intelligent agent, as a socially intelligent entity,
to simply process the information it receives. The generation of emotion and the

optimization of emotion-based non-verbal behaviors are two important tasks that



110 6.2. Future Work

are necessary to endow social robots with social attributes. Only when the de-
sign of the closed-loop interaction is completed, can the robot contribute to the

interaction in a manner similar human beings.

In multi-party social HRI, emotions and non-verbal behaviors are affected by many
factors, as discussed in Chapter 2. However, in multi-party scenarios, taking emo-
tions as an example, the analysis of emotions is more complicated, as group-based
emotions should be considered. Group-based emotions are based on individuals’
self-categorization as a group member and occur in response to situations perceived
as relevant for that group [184]. Figure 6.1 and Figure 6.2 show widely accepted

group emotion models and the emotion generation process.

Love Esteem It
Anger Contem Extension
- Belonging Recognition
Desire Admiration , Contraction
Fear Horror Me
I Security Self-worth Positive
Depression| /=~ Shame Negative
Gommaoncod Pride | /|
Anxiety Guilt

FIGURE 6.1: Group-level emotion model defined by a matrix of four interper-
sonal factors.

[ Self-Categorization ]

’—>[ Situation ]—)[ Attention ]—)[ Appraisal ]—)[ Response ]—‘

FIGURE 6.2: Group-level emotion generation process.

Robot memory for multi-party social HRI. In the future, the memory man-
ager of the [As, solving experience-related problems, can provide more personalized
solutions for multi-party human-robot social interaction by generating responses
that are more in line with human experience. Specifically, in socially intelligent

agents, the memory manager is responsible for encoding, storing, and retrieving
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past experience, which is important for improving user engagement and supporting

cognitive capabilities such as reasoning and decision making [185].

For example, for a multi-party engagement estimation task, a socially intelligent
agent should make different inferences based on the memory of each interaction
participant and potential participants. In human society, people may have different
behavior if they take different roles, i.e., social behavior towards an acquaintance
or a stranger is usually different. In addition, the memory function is also helpful
to estimate and tracking engagement in a personalized way. People from different
cultural or social backgrounds may have various social actions, not to mention their
personalities. Therefore, the systematic approach can address ordinary problems,
but only with memory, the social agents can make more human-like perceptual
and cognitive processes. However, there are many challenges to adding a memory
component. Considering the data for learning the behavior of an individual, the
amount must be enormous. Therefore, an ideal method is to divide the learning
process into holistic and individual ones, where the former is used to make general

estimations and the latter for individual adaption based on memory.

Multi-party social dialog management. Several approaches for engagement
estimation and affective-related estimation tasks to ad- dressing dynamic human-
robot conversations have been proposed in this thesis. Nevertheless, many studies
claim that the designing of a multi-party dialog system is the key to multi-party
social companions because socially intelligent agents should have the ability to
talk with multiple people in a small group. Dialog management inherently is
a huge topic involving natural language processing, dialog system design [186],
speaker diarization [187], turn-taking management [188], addressee and response
selection [189], etc. In addition, although current research arts in the above areas

resolve different issues separately, these topics have a lot of overlapping areas.

Moreover, memory also plays a key role in dealing with dynamic conversations that
are common in multi-party social HRI. Considering dyadic interaction, the conver-
sational dynamics are not obvious. However, in multi-party social HRI, more than
one conversation can be freely suspended or activated and participants can join or
leave at any time. To converse within a group, robots must overcome several chal-

lenges. Therefore, memory, in this situation, enables the social agents to manage
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these dynamics, i.e., social agents can reason about past conversations by, recalling
previous memories. The capacity to recall information from previous conversations
helps understand concurrent conversations where topics and participants in each

of the conversations and sub-conversations are recorded.
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